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Preface

For many years, digital signal processing has been completely governed by the theory of
Fourier transformation and its numerical implementation — the Fast Fourier Transform
(FFT).

The main disadvantage of the Fourier theory is the underlying assumption that the
signals to be processed have time-wise or space-wise invariant statistical properties.
In many applications the deviation from such a stationary behavior is exactly the
information to be extracted from the signal. Such patterns occur for instance in seismic
reflection signals. Hence one of the first contributions to a field, which is now called
wavelet analysis, comes from the analysis of seismic signals. Without mentioning the
name wavelet, the paper [43] marks somehow the beginning of the signal processing
by wavelets. Even more, one of the most frequently used wavelet is named after Morlet
— one of the authors of this paper.

The simplest thinkable wavelet is derived from the Haar base which has already
been known since 1910. The disadvantage of this Haar wavelet is its low degree of
smoothness. The French mathematician Y. Meyer [73] succeeded in the construction
of a family of orthogonal smooth wavelets. With the concept of multi-resolution
analysis (MRA), introduced by Mallat and Meyer, the gap between wavelet analysis
and filtering was bridged. Unfortunately, the wavelets were either irregular and with
a finite support — as the Haar wavelet — or smooth and with an infinite support. Due
to the contribution of I. Daubechies [15] a method was found to construct wavelets
which are both smooth and of finite support. An extensive historic overview of the
development of wavelet theory can be found in [48].

Despite the fact that the first applications of wavelet transformation were in geo-
sciences, it was not before the nineties that the geo-science community started to use
wavelets. Meanwhile numerous applications of wavelet theory in geo-sciences can be
found. In this book we present the mathematical foundations of wavelet theory as well
as its applications in geo-sciences. The presentation of the material is somehow a com-
promise between a popular and a strictly mathematical presentation: The definitions
and results will be given in a rigorous mathematical way. Proofs of the results will be
included only if the respective proof is comparatively short and helps to understand the
subject. In other cases the reader is referred to the literature and illustrating examples
and remarks are given instead.

Since nowadays wavelet theory is a wide field, the selection of material which is
included here is naturally subjective. It is governed by the personal experience and
taste of the author.

The book has developed from a graduate course on wavelets held at the Depart-
ment of Geomatics Engineering at The University of Calgary (Alberta), Canada. It
is addressed to graduate students who are interested in digital signal processing. The
reader is assumed to have a mathematical background at graduate level. Mathematical
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tools which are necessary for the understanding and which are beyond this level are
included in the appendices.

The book consists of three main chapters. Since wavelet theory developed from
Fourier theory on the one side and filter theory on the other side, both subjects are
shortly sketched in the first chapter. The second chapter is devoted to the basics of
wavelet theory. It includes the continuous as well as the discrete wavelet transform,
both in the one- and in the two-dimensional case. A special emphasis is laid on orthog-
onal wavelets with finite support, as they play an important role in most applications.
Other wavelets, such as spline wavelets or Meyer wavelets are excluded, which does
not mean they are less important.

Since geo-sciences deal with data given on a sphere, spherical wavelets are exten-
sively discussed. They come in two forms: harmonic wavelets, which have a special
spherical harmonics expansion, and triangulation based wavelets, which are wavelets
on a polyhedral approximation of the sphere.

In the last chapter some applications of wavelets in geo-sciences are reviewed.
Also here the selection of the material presented is not claimed to be representative.
A more important criterion for the inclusion of a subject is that its geophysical back-
ground can be explained with comparatively little effort. In some examples the original
data material was not available. Therefore the wavelet analysis was carried out with
synthetical data which reflect the main features of the missing original data.

I would like to thank the Walter de Gruyter Publishing Company for including
this book into its Geodesy series, Dr. Manfred Karbe for his support, and Dr. Irene
Zimmermann for her advice in the ISIEX typesetting of this textbook.

Stuttgart, January 2004 Wolfgang Keller
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Notation

Scalar product

Norm

Transposed matrix

Inverse of the transposed matrix
Inverse matrix

Adjoint operator

Inverse operator

Complex conjugate of z

Unit sphere

Natural numbers
Integers

Real numbers
Complex numbers

Special functions

Signals

f@), f(x)
{xn}

(1)

dij

Xla,b]

IT= x-1,1)

Spaces
Co°(R)

Ly(R)
La([a, b])
1(C)

Legendre polynomial

Fully normalized surface spherical harmonic
Spherical harmonic

Bessel function of first kind and order O

Continuous time or space dependent signal
Discrete signal sequence

Delta distribution

Kronecker symbol

Characteristic function of the interval [a, b]
Characteristic function of the interval [—1, 1]

Space of all infinitely often differentiable function
having a compact support

Space of square integrable functions on R

Space of square integrable functions on [a, b]
Space of square summable complex sequences
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UsV

Operators

Transforms

£ Fif)
F g}
H(z)
6{r}
W{f}
W f}

Span of all spherical surface harmonics of degree

p up to degree ¢

Sobolev space of all functions harmonic outside the
unit sphere o which have degree variances
decaying faster than A;l

Direct sum of the spaces U and V

Partial derivative of f

Gradient of f
Convolution of f and g

Fourier transform of f

Inverse Fourier transform of g

z-transform of the sequence {/,}

Garbor transform of f

Continuous wavelet transform
Two-dimensional continuous wavelet transform



1 Fourier analysis and filtering

1.1 Fourier analysis

Let f be a periodic function with the period 2. It is well known that f has the
following series expansion:

f) =) cne™, (1.1)
nez
Cp = % ! fx)e "™ dx. (1.2)

This series representation is called Fourier series of f. It can be interpreted as a super-
position of oscillations of different wavelengths A, = 27 /n, having the amplitudes
cp. If the period changes from 27 to 27, the Fourier series changes to

@) =Y e 5, (13)
nez
1 T —1 2fﬂl’l)('
= ﬁ/Tf(x)e " dx. (1.4)

The spectral lines are now at the frequencies w, = %n This means the distance

between the spectral lines gets smaller if the period 27 gets larger than 2. If the
assumption of periodicity is dropped by increasing 7 to infinity, the line spectrum
changes to a continuous spectrum. For this limit process the following notations have
to be introduced:

A 2 A (@) Cn
w==—, o, =nAw, c(w,)=-—.
2T " T Aw

With these notations the Fourier series can be written as

) =" clw)e ™ Aw, (1.5)
nezt
1 T
c(w,) = —/ fx)e " “n* dx. (1.6)
2m -T

The series (1.5) can be considered as Riemann’s partial sum of the integral

o
/ c(w)e' dw.

—0o0



2 1 Fourier analysis and filtering

Hence in the limit 7 — oo the following representation of the non-periodic function
f is obtained:

fx) = /OO c(@)e'™ do, (1.7)
c(w) = 1 /OO fx)e Y dx. (1.8)
27 J_ oo

The interpretation of these relations is that f can be represented as a superposition
of oscillations having all frequencies between —oo and co. Of course, every frequency
has a different intensity in this superposition. The function c(w) indicates the energy
in the infinitesimal frequency-band (w, ® 4+ dw). The function c(w) is usually called
the amplitude spectrum of f and the transition from f to c is called Fourier transform.

For a detailed mathematical discussion the Fourier transform of functions, defined
on R”, will be introduced.

Definition 1.1.1. Let f, g be functions which are defined on R" and fulfill

/lfldx<oo, /|g|dx<oo. (1.9)
R” R”

The following functions are called Fourier transform of f and inverse Fourier trans-
form of g, respectively:

"F(fHw) = f(o) = Q)" g Fx)e ™ @ dx, (1.10)

"y gl (x) = 2m) 2 / g(@)e™ @ do (1.11)

n
with x, w € R".

Obviously, the following relation holds:
"FHE () = f
Additionally, the Fourier transform is an isometric operation, because

/ ) f(x)g(x)dx = /R ) f(@)§(w)dw (1.12)

is valid. The special case of f = g is known as Parseval’s identity:

Lemma 1.1.1 (Parseval’s identity). Let f fulfill (1.9). Then

f2<x>dx=/ ) do (L13)
Rn Rn

is true.
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The Fourier transform has some interesting properties:

Lemma 1.1.2 (Shift relation). For a function f fulfilling (1.9) the following relation
holds: .
"FAfC—by=e" O "F (o). (1.14)

This means, the shift of the signal by a vector b produces a modulation of its

=
spectrum by e 12 @

Lemma 1.1.3 (Scaling relation). For a function f fulfilling (1.9) the following rela-
tion holds:

w

a

1
"Ff @@ = ="F ) (2). (1.15)

In other words, compressing the signal f by the factor a results in a dilatation of
the spectrum by the same factor.

The most important properties of the Fourier transform are the convolution the-
orem and the differentiation theorem. These two theorems reduce the infinitesimal
operations convolution and differentiation to algebraic operations.

Definition 1.1.2. Let the functions f, g be sufficiently regular. The new function
(f * g), defined by

(f*g)(x):= /Rn feglx —y)dy = /Rn fx—ygy)dy (1.16)

is called the convolution of f and g.

By means of the Fourier transform the integral operation convolution is transformed
into the algebraic operation multiplication of the corresponding spectra.

Theorem 1.1.1 (Convolution theorem). Let the functions f, g be sufficiently regular.
Then

"Ef gl = Qo) "F{f) "Fleg) (1.17)
holds.
Proof.

(gl = er 7 [ [ et =) dyeTo ax
— 2y / n / gle— e @ dx [y dy
— n) / f ¢@e™ 0 4y () dy

_ m)P? f ¢@e " dz. / Fe? " dy
Rﬂ Rﬂ
= Qm)"? - "F(f}- "Flg).
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Many integral transformations of Physical Geodesy are convolutions. Perhaps the
most important one is the Stokes formula in planar approximation:

1 1
N=—(—*Ag>. (1.18)
dry \ x|l

It computes geoid undulations N from given gravity anomalies Ag. The numerical
evaluation of the convolution integral is very time-consuming. Thanks to very efficient
numerical algorithms for the Fourier transform and the inverse Fourier transform, this
direct evaluation of the convolution integral can be bypassed:

11
N = Qn)™"/?2. ng-! {"5? {——} : ”ﬂf{Ag}},
4y x|l

which is given as a schematic view in Figure 1.1.

Signal direct convolution | ¢eid undulation
Ag N
inverse
Fourier transformation Fourier
transform
Spectrum Filtering filtered spectrum
Fl 1
FiAag} F {4ﬂy|‘x”}${Ag}

Figure 1.1. Schematic view of by-passed convolution

Let @« € (NU {0})" be a so-called multi-index. With |«| = Z?:l a; the order of
the multi-index is denoted. With the help of this multi-index a compact notation for
partial derivatives is introduced:

alol £
D*f := . 1.19
! dxy'0xy? ... 0xy" (1.19
Theorem 1.1.2. For sufficiently regular f the equality
"FAD® f} =1 - "F{f}(o) (1.20)

holds with w* defined by

o o
o = wy? .oy
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If the signal f has certain symmetry properties, these properties propagate to its
Fourier transform. Let f : R> — R! be sufficiently regular. Suppose f is of the
following structure:

f@x) = f@), r:=|x|.

Then the following relations are valid:

o0
flol) = *F{fH) 2/ Fr)Jo(rlwrdr, (1.21)
0
- =12 o,
fr)y="% {f(lwl)}=/0 floD)Jo(rlo)|wld|w|. (1.22)
In these formulae, Jy is the Bessel function of first kind and order zero.

The two formulae above indicate that for a so-called isotropic function, i.e. a
function which is invariant with respect to rotations, the two-dimensional Fourier
transform can be replaced by a one-dimensional integral transformation. This integral
transformation is called Hankel transform.

Recalling the interpretation of the Fourier transform fofasi gnal f asits spectrum,
one has to realize that signals having spectra with a non-compact support are pure
mathematical fiction. Real signals are always recorded by some measuring device.
No measuring device is capable to follow arbitrarily short-wavelength oscillations.
Therefore every recorded signal f is somehow band-limited:

f@) =0, Jo|>v.
Band-limited signals have very interesting properties:

Theorem 1.1.3 (Sampling theorem). Let f : R — R be a one-dimensional band-
limited signal,

f@) =0, |o>v.

Then f can be exactly reconstructed from its sampling values:

Fl) = Zf( n)sm(v(x Xn))’ = nm (123)

nez - x") v

Proof. Since f is band-limited, it can be represented by a Fourier series

f@) =Y faenFie

nez

1 LA 2
= 2—/ fwe "2 dw.
vJoy
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Because f (w) =0, |w| > v, the following relation holds:

1 L 2
fo= 5 / f@)e "5 do

VJ_co

32

_ JT T

T2y f(—n;
N

= z—nf(—xn).

Vv

Consequently, the spectrum f can be determined completely by the sampled values
of the signal

r m 1Xp0
f(w)=7r§f(—xn)e ne,

Applying the inverse Fourier transform one obtains

fx) = \/;2_” A.% f(@)e™® dw

1 Voa
= — fw)e™dw

A/ 2w J-y

1 V27 v

— (—x )/ elw(x-‘rx,,) dw
V21 2v rng " —v

v

! )
= Zf(x,,)—/ ') 4o
2v

-V

nez
1
— wx—xg) _ ,—1v(x—xz)
N %f(xn)Zw(x — Xp) (e ¢ )
_ sin(v(x — x;))
= ,; f(xn)w- .

Sampling step-size Ax and limiting frequency v are in a close relationship

T

=—. 1.24
V= (1.24)

The limiting frequency v is called Nyquist frequency. The wavelength X belonging to

the Nyquist frequency is

2
y= T (1.25)
V

Ergo the sampling step-size Ax has to be chosen accordingly

A
Aax=C22=1 (1.26)
v 2
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to be able to resolve the shortest wavelength occurring in the signal. In other words:
It is impossible to resolve wavelengths shorter than A = 2Ax from data sampled at
the sampling rate Ax.

In many cases the sampling rate is given by the measuring device. On the other
hand, the signal f to be measured could contain wavelengths smaller than twice the
sampling rate. If in this case the spectrum f is determined from the sampled values
f (xn), the frequencies above the Nyquist frequency v corrupt the frequencies below v.

Theorem 1.1.4 (Aliasing). Let f be band-limited f(a)) =0, |w| > v. If f is under-
sampled by the sampling rate

/4 2
x=—, O<a<—, (1.27)
v(l —a) 3
the function
~ sin(v(l —a)(x — xy)) nmw
= , = —, 1.28
fo0 %f(xn) Y s "= 0w (1.28)
reconstructed from the sampling values, has the spectrum
f@) = f(®) + flo+2v(1 —a) + flo—2v(1 —a)). (1.29)
Proof.
f(xn)
1 v A~ ni
= f@) =5 | f@e T do
—V
1 —v(l—a) R o 1 v(l—a) . .
= — flw)e' -0 do + — flw)e' -4 dew
2w )y T J-v(l—a)
v nimw
+ — f(@)e' =3 dw
27 Jo(1—a)
1 —v(l—a) R o 1 v(l—a) . ot
=7 f(w)e' V- do + — f(w)e' - do
T J-3v(1—a) T J—v(l—a)
v(l—a) o
— fw)e' "0 do
27 v(l—a)
1 v(1-a) A nw v(l—a) N nw
= — flw—2v(1 —a))e' "o do + — fw)e' 1= dw
27 J v-w) T J vi—a)
v(l—a) . ot
+o- flow+2v(1 —a))e' -4 dw
—v(l—a)
1 v(l—a) R R R .
= [f(@)+ fl@—2v(1 —a)) + f(o+2v(] —a))]e' 0o do.

2w —v(l—a)
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Since f is band-limited it has the Fourier expansion
a — 2 — 1 v(l—a) A~ nw
flo)=Y" fue"m0=0°,  f= - F(@)e D do,

= 2v(l =) Joya-a)

As in the previous lemma it can be shown that

- V21
fn = 2v(l = f( n)

v(l— a) R . . -
=/ [f(@) + fl@—2v(1—a) + flw+2v(] —a))]e' "0 do

—v(l—a)
holds. This means the coefficients f, are simultaneously the Fourier coefficients of f

and of [ f(®) + f(w —2v(1 —a)) + f(w +2v(1 — ))]. Since there is a one-to-one
relationship between a function and its Fourier coefficients, the relation

f= [f(@) + f@—2v(1 —a)) + f(o+2v(1 —a))]

follows. =

flw)

flw) —

v —v(l - v(l — ) v

Figure 1.2. Aliasing

Remark. The theorem has several consequences.

First of all it is clear that due to the under-sampling the spectrum f (w) cannot be
resolved up to the Nyquist frequency v. As a consequence of the sampling theorem
only a resolution up to v = v(1 — &) can be expected.

Additionally, one has to keep in mind that the sampling theorem can only be applied
if the signal f is band-limited to the frequency-band [—v(1 — &), v(1 — «)]. But this
is not the case. The signal is band-limited to the larger frequency band [—v, v]. Hence
the resolved spectrum does not only contain the influence of f between —v (1 — &)
and v(1 — «), but also the influence of f in the frequency bands [—v, —v(1 — «))
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and (v(1 — ), v]. The theorem describes how these frequency-bands interact with the
resolved spectrum: The frequencies |w| > v(l — «) outside the resolution limit are
aliased by the frequencies v(1 —2«) < |w| < v(1 —«). Only the small frequency band
|lw|] < v(1 — 2a) can be resolved exactly. For this reason the theorem is frequently
called aliasing theorem.

The discrete sampling is not the only difference between the theoretical Fourier
spectrum and the spectrum computed from the data. The second difference is due to the
finite sampling time ¢ € [—T, T']. Considering the finite sampling length, the question
has to be discussed how the spectrum, computed from a finite sampling length, differs
from the theoretical Fourier spectrum. Basically, there are two possibilities to continue
a signal sampled in [—T', T] to the whole R!:

1. continuation by zero values and

2. periodic continuation.

Lemma 1.1.4 (Zero padding).

F {f By (?)} (@) = %?{f} % (T sinc(T+)) (o). (1.30)
Proof.
lrn)m - )

_ \/% fR FU S w— y)F! {H (—)} (y)dy

T
_ \/%_N/Rz*{f}@ﬂ)? {n(z)}ena

_ \/%/R?{f}(w —NF {H (?)} (y)dy

_ \/%}'{f} & (T sinc(T)) (). .

The lemma states that a continuation by zero values maintains the continuous
nature of the spectrum but causes a blurring by the convolution with the sinc function
(sine cardinal or sampling function). The bigger T', the smaller is this effect, which is
frequently called spectral leakage.

The other possibility is the periodic continuation

fx) = f(x —2kT), te[k— DT, 2k + D)T]. (1.31)
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In this case the periodic continued function has a discrete line-spectrum. The spectral
lines can be computed as Fourier coefficients

T
f&) =) ce"T*, oy = % /_T Fx)e T~ dx. (1.32)

nez

The question arises, how the Fourier coefficients ¢, can be related to the Fourier
spectrum f ().

Lemma 1.1.5 (Periodic continuation). Let f be the periodic continuation of f corre-
sponding to (1.31). Then

1,~ . T
e = 5(f xsine(r) (n7) (1.33)
holds.

Proof.

LT/_if(x)em’}de i \/_/ f(x)l'[ ”"%xdx
%f{me)}<n%>:z<f*sw->><n%>- D

The Fourier coefficients of the periodically continued function f are the values
of the spectrum f of f, sampled at the discrete places n7% and blurred by the finite
sampling length.

The next question which has to be dealt with is the numerical computation of
the Fourier spectrum of a sampled signal. Since there are only a finite number of
sampled values, only a finite number of spectral values can be computed. Hence the
numerically computed spectrum is implicitly the spectrum of the periodic continuation.
Consequently, the integrals

1t x
= ﬁ/Tf(x)e_'”Tx dx (1.34)

have to be approximated by some numerical quadrature formula. The simplest quadra-
ture formula one could think of is the trapezian rule:

| x
—T/ f(x)e "1 dx
-7

N—-1
I A T
~ ﬁTx(f(_T)elnﬂ _|_2 Z f(iAx)eflnTZAx +f(T)efanT>’
i=—N+1
T
Ax=—, n=-N,...,N—1,
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which approximates the integral by the area of a polygon. Due to the periodic contin-
vation f(7) = f(—T) holds. This leads to the following simplification

N-1
11 z;
Cn ~ ﬁz(f(_T)eflnﬂ _|_ 2 Z f(l'Ax)eflnTZAx + f(_T)elnﬂ>
i=—N+1
= '
=y Z f(iAx)e MR
i=—N
Definition 1.1.3. The coefficients
. _
Gy = ﬁj_Z_N f(jAx)e™ N (1.35)

are called the discrete Fourier transform (DFT) of the function f sampled at the places
jAx, j=—N,....,N—1.

In the general case the DFT coefficients ¢, are more or less accurate approximations
of the Fourier coefficients ¢, of the periodic continuation of f. Nevertheless, if f is
band-limited the DFT even gives the exact Fourier-coefficients.

Lemma 1.1.6. Let f be periodic on [—T, T). Furthermore, let f be band-limited,
ie. letcy, =0, |[n| > N hold for the Fourier coefficients

I n
n = — e ' T!dt. 1.36
c T fT f0)e (1.36)
Finally, let {c,} be the DFT of f. Then
cn = Cp (1.37)
holds.
Proof.
= ‘
Cp = W f(jAx)e '~
j=—N

N—-1 N-1

— 55 X (X aerian)e

j=—N k=—N
1 ~1

= L ( Ckelkj%>giljn% =
2N |

~

I‘I
- =
~

I‘I
=z

N— N-1 N-1

1 —~ T
- Ck E e/ v k=n) — E CkOkn = Cp-
2N .
=—N j=-N k=—N i
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As a preliminary summary of the results obtained so far, it can be said that

» the DFT gives the exact Fourier coefficients c,, if the signal f is periodic and
band-limited,

¢ these Fourier coefficients are the sampling values of the Fourier spectrum ¢, =
f (n7) of the periodic continuation of a band-limited non-periodic signal and
that

e these coefficients are the sampling values of the aliased spectrum of an arbitrary
but sufficiently regular signal.

This means that the result of the DFT is a reasonable approximation of the spectrum
if both the sampling length 7 and the sampling step-size Ax are properly chosen.

The most important disadvantage of the DFT is its computational inefficiency.
Suppose that there are 2N sampling values. Then it needs O(4N?) operations to
compute the 2N spectral values. If the periodicity of the factors e~/ "y s exploited,
the computation sequence of the DFT can be rearranged in such a way that only
O(@4N(d(N) + 1)) operations are necessary.

This rearrangement of the computation sequence is called Fast Fourier Transform
(FFT) and it is only due to the dramatic reduction of the computational load by the
FFT that spectral methods found their way into many applications.

The basic idea which leads to the FFT is to compute the DFT separately for the
even and for the odd sampling points and to combine the results: In this way the DFT
can be rewritten as

2N—1
=0 Z f(jAx)e "N
j=0
1 N-—1 1 N-—1
- : —12jn% o . —1Q2j+DnZE
=55 JZ(‘; FQjAETHN 4 ZO: £(2j 4+ DAx)e ¥ (1.38)
1 N-—1 5 1 N-—1 5
_ . —1jn —ind " . —1jn
=N 2 fQRjAx)(e™"N)" + e Yon gf((Zj—{—l)Ax)(e )2,

Now two cases have to be distinguished.
a) n < N:

. (1.39)

e 3 (@) + DAR (Y
j=0
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b)n=N+k>N:
| Nl - _
envk = 3 2 F@IAN) (e IHE) (T’
Jj=0
1 N—-1
eI LIRS DAx) (e I ) (e7)? (1.40)
j=0
1 N—-1 1 N—-1
=5y 3 F@jaxn) (e )~ e_’k%m 3 F(@) + DAx) (e
=0 =0

j_

If now the coefficients ¢Y, ¢} are defined by

N—1
1 . kN2

&= N f@2jAx)(e7ikw) (1.41)

j=0

N—1
¢ = S p(@) + DA (e IR 1.42
n 2 J X)\e ) ’ ( . )

j=0

the DFT reads

cn=Cc 4 (eN)el, n=0,...,N—1 (1.43)
enpr =) — (e V)el, k=0,...,N—1. (1.44)

The computation of the ¢ and the ¢| coefficients is basically a DFT for the even
and for the odd sampling points. Therefore, for this rearrangement of the computation
sequence, 20 (N 2) instead of 40(N?) operations are necessary. This reduces the
computational load by 50 %.

This idea can be repeated by the rearrangement of the computation of the (:2 and
c,ll and this iterated rearrangement leads to the FFT with O (4N 1d(N)) necessary
operations.

Finally it should be mentioned once again that the results of the FFT completely
coincide with the results of the DFT. But the computational efficiency of the FFT is
much higher.

One of the classical textbooks about Fourier transform and its applications is [9].
Since 1984 FFT methods have been applied to geoid computation and terrain reduction.

Representative for the many publications about this item we only mention the papers
[94], [96], [98] and [99].
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1.2 Linear filters

A function f € L;(R) is uniquely determined by its Fourier spectrum. Frequently it
is useful to split the signal f into several frequency channels:

f@) =) fij), (1.45)
j=1

f) =Y fw. (1.46)
=0

If these channels are orthogonal, i.e. if
Aﬁmﬁmzéﬁmﬁ@mz% (1.47)

holds, the frequency decomposition is called orthogonal.

The simplest way to construct an orthogonal frequency decomposition would be
the splitting of the frequency domain into n non-overlapping frequency bins, and f;
could be defined as the restriction of f to the j-th bin. Since every channel becomes an
ideal bandpass such a frequency decomposition is practically not realizable. Therefore
the question arises how to construct realizable orthogonal frequency decompositions.
This question leads to the theory of filter banks.

In filter theory, instead of the signal f € L»(R) itself the series of its values
{f(m)} € [r(Z), sampled at the integers is considered. Please keep in mind that for a
band limited signal the sequence of its sampling values is equivalent to the continuous
signal (sampling theorem).

Definition 1.2.1. A digital convolution filter H is a mapping
H: (Z) — 1h(Z)
X = {(Hx)n = thxnfk}- (1.48)

keZ

Many properties of a digital convolution filter can be described by the z-transform
of the sequence {hy} of its filter coefficients.

Definition 1.2.2. The z-transform of the sequence of the filter coefficients of a con-
volution filter H

H(z) := Z hiz7* (1.49)

keZ

is called its transfer function.
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Remark. The transfer function H describes how the corresponding filter amplifies
or attenuates a certain frequency ¢'>"®*: Let f be the signal ¢'>"®* sampled at the
integers, i.e.

fn) = e?mem, (1.50)

The filtered signal is the sequence

g(n) — thel(n—k)Zmu — em27ra) the—lkZUw — H(eLera))f(n). (151)
keZ keZ

Therefore the result of the filtering of a periodic signal with the frequency w is again a
periodic signal of the same frequency w, but with the amplitude multiplied by the factor
H (¢'2™®). Since every signal can be represented by a superposition of periodic signals,
the transfer function describes the attenuation or amplification of each frequency,
contained in the signal.

The most important property of the z-transform is that it maps the convolution of
two signals into the product of their z-transforms:

Theorem 1.2.1 (Convolution theorem). Let u, v € [r(Z) be two signals with the z-
transforms

U(z) = Zukz_k, V(z) = Z vz k. (1.52)

keZ keZ

The convolution w = u * v defined by

Wy = ) UkUn (1.53)

keZ

has the z-transform
W(z)=U(z) - V(2). (1.54)

Proof.

W(z) = Z wpz "

nez

- Y

nez keZ

S TP e

keZ nez

— Z U Z le—(k-i-l)

keZ leZ

=Y wet Y ue

keZ leZ
=U(2)-V(2). O



16 1 Fourier analysis and filtering

A filter bank is an array of filters, which are used in order to decompose a given
signal {x(n)} into several frequency channels and to reconstruct the signal from the
individual channel information. In its simplest version it is a two-channel filter bank:

G (12— i—(2— o |—

decomposition filter bank reconstruction filter bank

Figure 1.3. Two channel filter bank

In the analysis filter bank the signal passes a high-pass filter G and a low-pass
filter H. After passing these filters it will be down-sampled by the factor 2.

oL x(=2), x(—1), x(0), x(1), x(2), - -- Lz) o x(=2),x0),x(2),... (1.55

In order to guarantee that the reconstructed signal has the same number of samples
as the original signal, the signals in the individual channels have to be up-sampled by
the factor 2 before passing through the reconstruction filters H*, G*.

.o x(=2),x00),x(2), - - 12, ey x(=2),0,x(0),0,x(2), ... (1.56)

Now the question arises under which conditions the reconstructed signal X coin-
cides with the original signal.

Lemma 1.2.1. Let H, G, H*, G* be the z-transforms of the decomposition and recon-
struction filters H, G, H*, G*. If the reconstructed signal coincides with the original
signal

X=X,

then the following conditions are fulfilled:

H(—2)H*(z) + G(—2)G*(z) =0, (1.57)
H()H*(2) + G(2)G*(2) = 2. (1.58)

Proof. Consider a signal y, which is obtained from a signal x, first by down-sampling
and then by up-sampling it:

,y(—Z), )’(_1)7 y(o)’ Y(1)7 )’(2), trr = ,x(—Z),O,x(O),O,x(Z), .
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Hence for the z-transform of the signal y we have

Y(z) = Z)’kz_k = ZX2kZ_2k

keZ keZ
1 —k —k
keZ

1
= E(X(Z) + X (—2)).

Consequently, the z-transform of the reconstructed signal X is
- 1
X(2) = H*(2) - 5 (H(@)X(@) + H(=2)X(=2))
1
+G*(2) - E(G(Z)X(Z) + G(—2)X(—2)

= %((H(Z)H*(z) + G(2)G*(2) X (2)
+ (H(=2)H*(2) + G(—2)G*(2)) X (—2)).
From the condition X (z) = X (z) follows
H(—2)H"(2) + G(—2)G*(z) =0,
H()H*(2) + G(2)G*(2) = 2. o

The conditions (1.57) and (1.58) are only necessary conditions. Condition (1.57)
is already fulfilled for the special choice

G(—z): =7 H*(z), G*(z):=—-z'H(-z), leLl. (1.59)
The remaining condition (1.58) leads to
H(z)H*(2) — (1) H(—2)H* (—2) = 2. (1.60)

Consequently, the problem to construct an exact reconstructing filter bank is reduced
to the problem to determine a Laurent polynomial, which satisfies (1.60). For the
product M of the two filters H and H*

M(2) = H(x)H"(2)
the condition (1.58) leads to
2=M@) - (~D)'M(=2) =) m@* = (=)' (-27h). (1.61)
keZ

Obviously, this condition can only be fulfilled for an odd / . Therefore one has to find
a filter M with the property

2=M()+M(-2) (1.62)
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and to decompose this filter afterwards according to (1.2). From the resulting low-pass
filter H the corresponding high-pass filter can be derived using (1.59).

Example 1.2.1. In order to illustrate the construction ideas for a filter bank, here a
small example is given.
Starting from condition (1.62) for the coefficients of the filter M follows:

2= m T + (=T =) m 1+ (=DH

keZ keZ

Consequently, mg = 1 and my; = 0, k # 0 holds. The shortest possible filter which
fulfills (1.62) has the filter coefficients mg = 1 and m_, m| # 0. Hence

M(z) = (m_jz+1+mz ")
must hold. According to (1.2) the relation
(m_jz+1+mz™") =M@ = HOH* ()
has to be valid. Obviously

M@ =m_iz| —z "+—z +1
m_q m_q

=m_1z i '+ ! 2+ 1 - !
- m_q 2. /mim_, dmim_q

is valid. Hence the filter M is of the product form (1.2), if mim_; = % holds. The
coefficient m_; can be chosen arbitrarily. For the sake of simplicitym_; =m| = 1/2
is set. This yields

M@= te+2+e = a4
z)—2(z—|- +z )—2( +z7 )z

Immediately one can conclude

1
—(1 -1 H =
ﬁ( +z7), (2)

1
—(1 .
ﬁ( +2)

H*(z) =
Using (1.59) this leads to

1 . 1 .
Gz)=—0-2), G'@=—10-z").

V2 V2
Finally, the analysis filters
(Hx)y =~y 4 (G = :
X)p = —=X —Xn—1, X)p = —=Xp — —=Xp—1



1.2 Linear filters 19

and the reconstruction filters

(H*x)p = (G*x)p ==

1 1 1 1
—=Xn + —=Xn+1, —Xp — —=Xnt1.
ﬁ n ﬁ n+ ﬁ n ﬁ n—+
are obtained.
The transfer functions of the low-pass filter H and of the high-pass filter G are

given by

1 1
|H(el27l’w)| — EH +612ﬂw| — ﬁ(l +elZ?Tw +e—12nw)1/2
1
= E(2+200s(2ﬂa)))1/2
and
1 1
|G(6127l’w)| — _|1 _ elZﬂa)l — _(2 _6127'[6() _e—zan)l/Z
V2 V2
1
= E(2—200s(27m)))1/2.

For w between minus and plus the Nyquist frequency v = 1/2, the transfer functions
of both the high- and the low-pass filter, are displayed in Figure 1.4.

3 T T ! f i

-0.6 -04 -02 0 0.2 0.4 0.6

Figure 1.4. Transfer functions of high- and low-pass filter

It is clearly visible that these two simple filters do not separate the high- and the
low-frequency channel very well.
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Now we demonstrate for a simple example the effect of the decomposing and of
the reconstructing filter bank. The following test signal will be used:

x(n) =e'7. (1.63)

The results of the high- and low-pass filtering of the signal followed by a down-
sampling are the signals u and v:

1 2nn @n—Dr 1

Uy, = (Hx)yy = — (' 2 4+ 2 =—e""(1—-1) (1.64)
1 ni n—1)mw 1

Up = (Gx)oy = ﬁ(e’% — 3 = 5D, (1.65)

Let # and v denote the up-sampled versions of the signals u, v. Then

- un, neven
0, nodd,

(1.66)
- vn, neven
Up = 2
0, n odd
holds. Consequently
1 /~ ~ 1,2
. . —=(n +vn) =52 -2, n even
R e S S (1
Té(u%—v%)—je -2, no

is valid. Indeed, the reconstruction filters recover the previously decomposed signal
exactly.

At the beginning of this section it has been already mentioned that the orthogonality
of different frequency channels

/Rﬁ(x)f_,-dxz/Rﬁ(w)ﬁ(w)dwz(Sij (1.68)

is a desirable property of a filter bank. Now the question will be discussed, how the
orthogonality of the filtered signal components reflects itself in the transfer functions
of the filters.

A particular signal is the so-called unit pulse

I, n=0
5, =1 " (1.69)
0, n#£0.



1.2 Linear filters 21

If this unit pulse is filtered by a filter H, the filter output are exactly the coefficients of
the filter H:

(HS), = than_k = hy. (1.70)
keZ

Therefore the sequence of filter coefficients is the so-called impulse response of the
filter.

Definition 1.2.3. If the impulse response of a filter H contains only a finite number
of non-vanishing filter coefficients ,, the filter is called finite impulse response filter
(FIR).

For an FIR filter the condition of perfect reconstruction of a filter bank can be
simplified.

Theorem 1.2.2. A perfect reconstruction filter (PR) satisfies
H(@)H"(2) + H(-2)H*(—2) = 2. (1.71)
For FIR filters, there exist numbers a € R and | € 7, such that
G(z) =az P*VH*(—=z), G*()=a 'z7®*tVH(—2) (1.72)

Proof. The conditions (1.57) and (1.58) are a system of linear equations for the deter-
mination of H*, G* from H, G. Its solution is

[H*(Z)} _ 2 [—G(—Z)}
G*2) | D) | H(2)
with the determinant

D(z) = H(—2)G(z) — H(2)G(—2).

Hence

D(_Z)H*(—Z) ' LH(—Z) __ D=2

G(2)G*(z) = — 2 D) DG)

H*(—2)H(-2)

is valid. Since
D(—z) = H(2)G(=z) — H(=2)G(2) = —=D(2)
holds, by inserting this in equation (1.58) the condition
H()H*(z) + H(=2)H"(=z) =2

follows.
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If H is an FIR filter both D(z) and D~!(z) must be a finite sum. This is only
possible if both sums contain only one element —2az* and —%a‘lz_k respectively.
Since D(—z) = —D(z), k = 2] 4+ 1 must hold. This proves

A filter bank with H(z) = H*(z) and G(z) = G*(z) is called a conjugate mirror
filter. For a conjugate mirror filter condition (1.71) simplifies to

H@)? + |H(—2)* =2. (1.73)

Definition 1.2.4. A filter bank H, G is called quadrature mirror filter (QMF) if for
each signal x € [5(Z) the relation

IHx|* + IGx)* = |x|? (1.74)
holds.

Interpreting condition (1.74), the filter bank splits the signal into two orthogonal
components. There is no signal component which occurs both in the high-frequency
and in the low-frequency channel. Indeed, in the case of orthogonal channels the
following equation is true:

|x||> = (Hx + Gx, Hx + Gx)
=(Hx,Hx)+2(Hx, Gx) + (Gx, Gx) (1.75)
= [|Hx|* + |Gx|*.

We now discuss the question under which circumstances an FIR filter becomes a
QMF filter.

Theorem 1.2.3. A perfect reconstruction conjugate mirror filter is a QMF filter.

Proof. For a PR filter the decomposition and the reconstruction filters are in the fol-
lowing relationship:
[H*(Z)} _ 2 [—G(—Z)}
G*(z) | D) | H(-2)

D(z) = H(—2)G(z) — H(2)G(—2).

with the determinant

Inserting this into equation (1.58) the following equation is obtained:

2 gy
0= %[—H(—z)G(—Z) - H*(2)G*(2)].
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For a conjugate mirror filter this relation simplifies to
H(=2)G(-2) + H(z2)G(z) = 0.

Now let u := Hx, v := Gx be the high- and the low-pass filtered components of a
signal x € [o(Z) and let U, V be their z-transforms. Using the convolution theorem
for the z-transform, the scalar product between u and v can be expressed as follows:

(u,v) = (u*xv)y =UQ) - V()
= H(0) - G(0) - (X(0))?

1
= 5 (HE0)G(=0) + HO)G() - (X (0))
=0

Hence the filter bank is a QMF filter. O



2 Wavelets

2.1 Motivation

The theory and application of wavelets is a comparatively young branch in digital signal
processing. It was developed in order to overcome some deficiencies of classical
Fourier analysis. One of the disadvantages of Fourier analysis is the lack of time-
localization. What has to be understood by time-localization will be shown by the
following example.

Consider the following signal s:

sin(4407t), 0<t <0.5
0, 05<t<1.0
sin(440xt), 1.0<t < 1.5
s(t) =10, 1.5<t <20 2.1
sin(440xt), 20<t <2.5
0, 25<t<30
sin(220rt), 3.0 <t < 4.0.

The graph of this signal is shown in Figure 2.1.

1

0.5

0.5

=]

0.5 1 1.5 2 2.5
time [s]

Figure 2.1. Four isolated notes

Obviously, the signal consists of four parts: Three tones of the frequency 220 Hz with
a short duration and one tone of frequency 110 Hz with a long duration. They are
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separated from each other by a short break. The classical Fourier spectrum of this
signal is displayed in the Figure 2.2.

400 ? ? ? ? ?
350 [ SRR SRR R R R R 1
300 [ SRR SRR e A R e 1

250 . . . . .
200
150
100
50
0

0 50 100 150 200 250 300
frequency [Hz]

Figure 2.2. Fourier spectrum of the signal

The spectrum clearly shows the two frequencies occurring in the signal. But it does
not contain any information on the time of occurrence of the individual frequencies.
This is because the Fourier analysis always includes the whole time span of the signal.
It would be much better to have a time-and-frequency analysis which resembles the
notation in music: Not only the frequency of a tone but also the time span of its
occurrence must be visible. Figure 2.3 shows the music notation of the signal under
consideration.

Figure 2.3. Music notation of the signal

In order to recover the time information, the windowed or short-time Fourier trans-
form is used. The essence of the windowed Fourier transform is the masking of the
signal by a moving window g(¢):

F{f N, 1) = \/;2—” _/o:o f)gu —t)e " du 2.2
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or in a different notation
60N, 1) = \/%_n / Z F @80 @ i, goW) = glu— e, (23)

The window function g is usually areal, even function with the maximum concentration
of energy in the low frequency band. A frequently used window function is

2
g(t) :=n Ve 7, (2.4)

For this choice of the window function the windowed Fourier transform is also called
Gabor transform.

The short-time Fourier transform has some interesting properties. Similar to the
usual Fourier transform the total energy of the signal equals the total energy of its
short-time spectrum (Parseval’s identity):

o0 ) 1 o 0 )
/ lf@) dt = —/ / 19{/ o, D|" dwdt, (2.5)
—00 27 ) oo S0

provided ffooo gz(t) dt = 1. The short-time Fourier transform has also an inverse
transformation:

f@) = / Gl{fit, w)gu—1t)e'” dwdt. (2.6)

1 o
NGz /_oo
Figure 2.4 shows the result of the Garbor transform of the signal (2.1).

It is clearly visible that in contrast to the classical Fourier transform the short-
time transform has as well a time as a frequency resolution. The short-time spectrum
resembles very much the music notation of the signal. Obviously, the time resolution
of the Gabor transform is very good. The individual tones are clearly separated, but
the frequency resolution is rather bad. Instead of a single frequency every tone is
represented by a whole frequency band. The balance between time and frequency
resolution is controlled by the length of the window g. The longer the window the
better the frequency — but the worse the time resolution. This can be demonstrated by
analyzing the same signal with an wider window. The result of the Garbor transform
using a wider window is displayed in Figure 2.5. A wider window yields a better
frequency but a worse time resolution.

The balance between time and frequency resolution can be quantified by the un-
certainty principle: Since the window function is supposed to fulfill

0
/ SP@yde =1,
—0o0

its square can be considered as a probability density. Consequently, mean value and
variance of this probability density can be computed:

o o
g :=/ 1g2(t) dt =/ ugs  (wdu —t, 2.7)
—0oQ o0
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Figure 2.4. Short-time Fourier spectrum of the signal
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Figure 2.5. Short-time Fourier spectrum for a wider window
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(o) o0
og = / (t = ng)’g* (1) dr = / U=+ 1)o@ du.  (28)
—0oQ0 —00
Following Parseval’s identity, the square of the Fourier transform g := F {g} of the
window function is a probability density function too. Thus mean value and variance
can be computed for g as well:

g = / wg?(w)dw, (2.9)
op 1= / (@ = 1)*8* (@) do = f (@ = @+ 1) |80 (@) de’.  (2.10)

These parameters have an intuitively clear interpretation: The square of the window
function |g,, |2 is centered at ¢ + wg and has a width of o. The same is true for the
spectrum: g, |? is centered at w + . Figure 2.6 is to illustrate this situation.

2
|8, (u)]
COO0000000
lo—Wwhruongxwo—
T
i

(e}

181,0(@)?
SO0
oL hran0o—

(o)

Figure 2.6. Window function and its spectrum

Using Parseval’s identity the short-time Fourier transform can be expressed in two
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different ways:

G{fHw,1) = \/%_71 /_Z fW)gw,i(u) du (2.11)
1 o _—
= E/—oo F(@0)gp (@) do. (2.12)

The first equation states that §{f} is the signal looked through a window of width
o, centered at ¢, and the second equation explains that the same quantity is also the
spectrum of the signal looked through a window of width o;. So, for every ¢ the
quantity §{ f }(w, t) can be considered as the intensity of the signal f around the time
t and at frequencies close to w. The vague expressions around and close to can be
quantified by the time resolution o, and the frequency resolution ;.

Unfortunately, time and frequency resolution cannot be made arbitrarily small

simultaneously. There is something like the uncertainty principle in quantum physics.

Theorem 2.1.1 (Uncertainty principle). Let g € Lo(R), ||g|| = 1. Then

o0 o
1
/ (t — 10)*|g()* dt - / (@ — w0)*|g(@)]* dw = 0707 > - (2.13)
—0oQ —0oQ0 &8 4
holds for all ty, wg € R.
Proof. The proof can be found in [75]. O

Numerical implementation of short-time Fourier transform. Lets;,i =0,...,
2N — 1 be the sampled values of the signal to be analyzed. In order to reduce edge-
effects an extended signal 5;,i = 0, ..., 2¥*! — 1 of the length 2+ is generated by
the reflection

SoN-1_j, i=0,...,2N 11
5= {si_on-1, i=2N"1 .., 3.28 1 (2.14)
S5-2N717i71’ l :3 '2N_1, ...2N+1 — 1
In the next step a sequence of shifting parameters 74, k = 0, ..., M has to be chosen.

How this choice has to be made depends on the goal the short-time Fourier analysis is
aiming at.
For each shifting parameter #; the following operations have to be carried out:

* The window function g;, (+) := g(s — %) has to be sampled with the same sam-
pling width as the signal s yielding the sampled values g¢ ;, i =0, ..., N+,

e The signal and the shifted window have to be multiplied

hij =5;8kj» J=0,....2N" — 1.

* Gsj = 4{s}(wj, t;) can be computed as the FFT of A ;.
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* The edges of the spectrum have to be stripped off
G{s}j, ix) := Gs; jyon—1,  j=0,....2Y — L.

The great disadvantage of the short-time Fourier transform is that the time resolu-
tion is the same for all frequencies. For high frequencies already a short time span is
sufficient to resolve them; for lower frequencies a longer time span is necessary. This
means the time and the frequency resolution should be coupled: for higher frequencies
a better time resolution than for lower frequencies. This can be achieved by varying the
window-width according to the frequency. This idea led to the invention of wavelets.

2.2 Continuous wavelet transformation

2.2.1 Concept

In the short-time Fourier transform the analyzing function g, ; was a hat-shaped con-
tour filled with a sinusoidal as it is indicated in Figure 2.7.

Figure 2.7. Analyzing function of short-time Fourier transform

Due to the fixed envelope g the time and frequency resolution is the same for every
value of ¢, w. It would be better to have an analyzing function with a high time
resolution for high frequencies and a low time resolution for low frequencies. Such a
function is a wavelet.

Definition 2.2.1. A function ¢ € L,(R) is called a wavelet if it fulfills the admissi-

bility condition

00 |7 2
0 <cy = 271/ de < 00, (2.15)

—so ol



2.2 Continuous wavelet transformation 31

and the continuous wavelet transform of a function f € L,(R) with respect to this
wavelet is given by

_ —1/z/°° u—t
WL I, 1) i= W'M N f(u)w( - ) du, »eR\{0}, t € R. (2.16)

From the definition of a wavelet some important conclusions can be drawn. First,
the admissibility condition implicates

0=1vy(0) = 2r)"/? /Oo V(1) dt. (2.17)

Therefore the wavelet has to have a vanishing mean value. It has to oscillate in some
way. On the other hand there is the condition ¥ € L, (R). For this reason the function
Y has to decay in some way for t — co. Hence the oscillation cannot last forever, it
has to stop after a certain time span. The function ¥ does not represent a wave but a
small wave — a wavelet.

Figure 2.8 shows two examples of wavelets together with their spectra. On the left
side the so-called Mexican hat wavelet and on the right side the Daubechies wavelet

of order 4.
0.2 /\ 0.3
0.2 |
0.1 /l

0 / \ 0: w“ .
\ V \v/

-0.1 -0.2
0 200 400 600 0 200 400 600

i NERAI
5 ]/\/\\ | // i

-04 -02 0 0.2 0.4 -0.4 -0.2 0 0.2 0.4

Figure 2.8. Mexican hat wavelet (top left) with its spectrum (bottom left) and Daubechies
wavelet (top right) with its spectrum (bottom right)

In the continuous wavelet transformation (2.16) the analyzing function is 1//(”7_’).
Similar to the short-time Fourier transform case, here the analyzing function is also
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a certain shape filled with oscillations. The big difference to the short-time Fourier
transform is the change of the envelopes shape with the change of the scale A.

¢ The shorter the scale A is the more compressed is the envelope and the higher is
the frequency of the oscillation.

Consequently, the time resolution increases with decreasing scale size and the fre-
quency resolution decreases with decreasing scale size. In order to demonstrate the
difference between continuous wavelet transformation and short-time Fourier trans-
formation, an example similar to that given by 1. Daubechies will be discussed. The
following signal will be considered:

f (@) =sin(10007¢) 4 sin(20007rt) + [8(r — t1) + 6(t — 12)], (2.18)

1 =0.075, t =0.079.

The signal is displayed in Figure 2.9.

i i i

1
0 0.02 0.04 0.06 0.08 0.10 0.12 0.14

time [s]

Figure 2.9. Signal with two frequencies and two impulses

If this signal is analyzed using the short-time Fourier transform then, depending on
the window length, either the two frequencies can be resolved and the impulses get
lost, or the impulses can be detected but the frequencies cannot be separated. This is
visible in the two Figures 2.10 and 2.11.
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500 ~ B

1000 - b

1500 [ 7

2000 - 1

frequency [Hz]

2500 b

3000 - B

3500 - b

0 0.02 0.04 0.06 0.08 0.10 0.12
time [s]

Figure 2.10. Short-time Fourier transform with wide window
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1000
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2500 |
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Figure 2.11. Short-time Fourier transform with small window

The great advantage of the continuous wavelet transformation is the ability to resolve
both the two long-waved frequencies and the two extremely short impulses. This can
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be seen in Figure 2.12. The signal was analyzed by the so-called Morlet wavelet and
this analysis shows both the two frequencies and the two impulses.

X107

scale [A]

0 0.02 0.04 0.06 0.08 0.1 0.12
time [s]

Figure 2.12. Continuous wavelet transformation

As in the case of the Fourier and the short-time Fourier transform also the continuous
wavelet transformation has the isometry property and an uniquely determined inverse
transformation.

Theorem 2.2.1. The following equation is valid:

did
f £ dt = ff WIo. 0P 2.19)

Theorem 2.2.2. The following equation is valid:

fy =y / / m”z( )’W{f}( e (2.20)

The proofs of both theorems are given in [68].

Usually, Fourier transform is discussed in the context of filtering. In order to
get a bit more familiar with wavelet transform it will be discussed now, how wavelet
transform and filtering are related to each other. With the function

Ya(t) = |72y (—%) 2.21)
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the continuous wavelet transform formally can be written as a convolution
—1/2
WIfHE2) = Py f. (2.22)

Since 1%(0) = 0 and limg,_, 1/}A(a)) = 0 the wavelet transform is a band-pass
filter. The spectrum of a wavelet v is concentrated around a certain frequency wyg.
Therefore gZAfA is concentrated around wp/A. Consequently, the wavelet transformation
W{f}(A, ») contains only those Information about f, which are related to frequencies
around wo/A. The wavelet transformation is similar to a slicing of the signal f into
separated frequency bands. In digital signal processing this decomposition of the
signal is referred to as sub-band coding.

Numerical implementation of continuous wavelet transformation

e Lets;,i =0,...,2Y — 1 be the sampled values of the signal to be analyzed. In
order to reduce edge-effects an extended signal 5;,i =0, ..., 2N+ _ 1 of the
length 2V*! is generated by reflection

SoN-1_j5 i=0,...,2"N"1-1
S; = {Sj_oN-1, i :2N71,...,3-2N71 —1 (2.23)
Sson-i_j_y, i=23.-2N"1 N+l _q
e The spectrums$;, j =0, ..., 2N+1_1 of the extended signal has to by computed
by FFT.
e In the next step a sequence of scale parameters Ay, k = 0, ..., M has to be

chosen. This choice depends on the goal the continuous wavelet analysis is
aiming at. For each scale parameter A; the following operations have to be
carried out:

— The wavelet c;/ 2 ¥y, has to be sampled with the same sampling width as
the signal s yielding the sampled values v ;.

— The spectrum of the dilated wavelet c]; Y 21”,{ has to be computed from

the samples Y ; using FFT, yielding the spectral values I/Afky i J=0,...,
2N+1 —1.

— The spectra of the signal and of the dilated wavelet have to be multiplied

hk,j Z:;’S\j'lﬁk’j, jZO,...,2N+1—1.

— The inverse FFT has to be applied to the sequence Ay, ; giving the values
WS,"](

— Stripping off the edges
W{sh O, 1) 1= Ws;_gv-1 4, i=0,...,28 — L.
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2.2.2 Time-frequency resolution

Let us introduce the function
_ u-—t
Vo) == A7V 2y (T) . (2.24)

As in the case of the short-time Fourier transform, the continuous wavelet transform
can also be written in two equivalent ways:

WS 1) =) / F@) Y@y du =c,'? / f@) (@) do. (2.25)

If the wavelet  fulfills ||| = 1, both |‘ﬁ)~,t|2 and |1ﬁ,\,,|2 have the properties of
probability densities. Consequently, expectations and variances can be computed:

o
1™ :=/ ul W (u))? du, (2.26)
—00
2 > 2 2
o2 = / = 21y, ) du 2.27)
—o0
00 A
™ = / ol ()| do, (2.28)
0
2 > 2,7 2
o :=/ (0 — ™) Y () do. (2.29)
At 0
It is easy to verify that the following relations hold:
0’1&10
Oy, = A0y s O = 5 (2.30)
Finally, also
I w0
t=— 2.31
w . (2.31)

is true.

If one recalls the wavelet transform as a band-pass filter, the center w())‘ " of the filter
characteristic changes with changing scale length A. For increasing scale size A the
center of the passing band moves to the low frequencies, the window length A in the
spectral domain decreases and the window length oy, , in the time domain increases.
Therefore, the larger the scale size the better the frequency — and the worse is the time
resolution.

In the (¢, A) phase-space the wavelet ¥, j, cuts out a window which is centered at
(t*?, @*") and has a center-dependent size. The situation is displayed in Figure 2.13.

Quite similar to the short-time Fourier transform, also for the continuous wavelet
transform time and frequency resolution cannot be improved simultaneously. Also
here the uncertainty inequality

1
Ty g, = g (2.32)

is valid.
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Figure 2.13. Phase-space window of v, j for different values of A and b

2.2.3 Approximation properties

There is an infinite variety of wavelets. As a criterion to classify different types of
wavelets and to give different wavelets certain meanings in terms of digital signal
processing, the wavelets will be classified according to their behavior for decreasing
scale sizes.

The basic idea is that the wavelet transform of asignal f approximates the derivative
of f of a certain order. The wavelets can be classified according to the order of the
derivative they approximate.

Definition 2.2.2. A wavelet i is called of order N € N, if the following relations

hold:
1. .
f *y()dt =0, 0<k<N, (2.33)
2. .
/ Ny () dr #0. (2.34)

As already mentioned, the order of a wavelet is in close relationship with the order
of the derivative the wavelet transform approximates.
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Theorem 2.2.3. Let v € Lo(R) be a wavelet of order N and let f be sufficiently

smooth. Define . by
;u:(—nN(/szwmdg/NL

—00

Then N
—A
ST D W) — uf N )

lim ;
|)\’|N+§

=0. 2.35
r—0 ( )

Proof. [68]. O

In order to illustrate the content of this theorem, following trigonometric function
will be used as the signal f:

S () := sin(u). (2.36)

As analyzing wavelet, the most simple wavelet — the Haar wavelet — will be applied:

1, 0<u<05
Y):=1—-1, 05<u<l1 (2.37)

0, else.

For this wavelet the quantity u is

w= _/00 uy(u)du = % (2.38)

—00

For ¢y the following value is obtained:

w=2In2. (2.39)

o0 |4 2 00 2 .
Clp=27r/ 1Y (w)] dw:/ sin”(w/4) sinc (a)/4)d

o ol —00 |l

Then the continuous wavelet transformation of f with respect to the Haar wavelet is

1 o u—t
WL 1) = ——— / Fay (—) du
,/)»Cllj —00 A
1 t+1/2 t+A
= {/ f(u)du — / f(u)du} (2.40)
' t

+1/2

A2 A
= —— {—cos(u)|§Jr / +cos(u)};ik/2}

= {cos(t) —2cos(t + A/2) 4+ cos(t + 1)} .
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2.2 Continuous wavelet transformation

Therefore one obtains

Y L1101 = o [e05(0) — 2e0s(t +4/2) + cost + )

|)\|3/2

1
= —p{cost
A 22 3
—2cost+2s1nt5 —I—COSIZ—FO(A ) (2.41)
1
+ cost —sintA — 3 costA? + 0(13))
1
=— {——cost + O(A)}
4
= pu{Ginn) + 0m},
and hence
(2.42)

NI o Y 1) = psin ).

A0 A2
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Figure 2.14. Wavelet transformation of sine function

This expression is displayed in Figure 2.14. A comparison with F’(«) = cos(u) as it is
displayed in Figure 2.15 shows that for decreasing scales A — 0 the wavelet transform

tends to the first derivative.
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Figure 2.15. First derivative of the sine function

So far the order of a wavelet has been identified as one criterion for the classification
of different types of wavelets. Now it will be shown that, depending of the order of
the wavelet, the wavelet transformation of a function f can be used to characterize its
smoothness. The situation is comparable to the Fourier spectrum. The decay of the
Fourier spectrum is closely related to the regularity of the function. Something quite
similar also holds for wavelets.

Theorem 2.2.4. Let v be a wavelet of order N. For some k € {1,..., N} let hold
| f®| < oo then

IW{ I, D) = O(AfFH1%), A —o0. (2.43)
Proof. [68]. O

Quite similar to the case of Fourier transform the decay of the wavelet transform
is determined by the order of differentiability. The difference is that the decay of the
wavelet transform is determined not only by the order of differentiability but also by
the order of the wavelet.

2.3 Discrete wavelet transformation

2.3.1 Frames

The computation of the wavelet transform of a signal and the reconstruction of a signal
from its wavelet spectrums requires the evaluation of a single or a double integral
respectively. For an efficient numerical implementation these integrals have to be dis-
cretized. The question arises, whether or not it is really necessary to know W{f}(A, t)
for all values of A and 7 in order to reconstruct the signal.
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Fortunately, it will turn out that the representation of a signal by its wavelet-
spectrum is highly redundant. Therefore it will be possible to replace the integrals by
sums. To be more precise, we consider the grid

{(Ag', nto) | m,n € Z} (2.44)

and ask ourselves, if it will be possible to reconstruct the signal f completely from
the restriction of the wavelet spectrum to this grid. On the grid the following set of
functions is considered:

(o0 () = 25"y (g™ = nto) | m,n € Z). (2.45)

m,n

The question is: Under which circumstances can a signal f be completely represented
using this discrete set of functions only? The answer is: A complete representation is
possible, if these functions form a so-called frame.

Definition 2.3.1. Let A9 > 1,7 > 0 and let ¥ € L,(R) be a wavelet. The set of
functions {1//()‘0 )| 'm0 e 7} is called a wavelet frame for Ly (R) if there are positive
constants A, B with

AIFIZ < YD 1o, )1 < BIFI% (2.46)

meZ ne’Z

The constants A, B are called the bounds of the frame. If A = B holds, the frame is
called tight frame.

The coefficients (1//()\0 f0) , f) have a very instructive interpretation. Since

(W00, f) = W{ IO, nto) (2.47)

holds, the values of the frame coefficients indicate the intensity of the signal at scales
close to Ay’ in the vicinity of the time nt.

Frames are important, since for them a unique relationship between the signal f and
its coefficients (1//“0 7o) , /) can be established. To every frame {1/f()‘° ) | 'm0 e 7)
a uniquely determined operator T : Ly(R) — [5(Z?) can be assigned in the following
way:

(THmn = WL, f).

From equation (2.46) the following relation can be deduced

VAIFI < ITFI < VBIf.

Consequently, the operator T is bounded and has a bounded inverse operator. The
existence of a bounded inverse is very important since it guarantees that the signal
can be uniquely and stably reconstructed from its coefficients.

Hence, if the wavelet ¢ together with the scale spacing Ao and the time spacing
to forms a frame, the signal is completely characterized by its wavelet spectrum on
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Figure 2.16. Grid for a wavelet frame

a discrete grid. This grid is not uniformly shaped but denser for smaller scales and
wider for larger scales. The situation is displayed in Figure 2.16

The frame property is very important for the establishment of a unique relationship
between a signal and its coefficients, but it does not answer the question of how the
reconstruction has to be done. A simple answer is only possible for tight frames.

Theorem 2.3.1. Let y be normalized, i.e. ||| = 1, and let {yy%™ | m,n € Z) bea

tight frame with the bounds A = B = 1. Then the functions lﬂ,(n):(,){t()) form a complete
orthonormal system in Ly (R).

Proof. Inthe first step it will be shown that for the system {1//,5{\, %’t‘))} Parseval’s identity

is valid: The relation
LEIP =Dl £)1? (2.48)

meZ ne’Z

immediately follows from (2.46).
As a next step it will be shown that with ¢ also the w,&“,; ) are normalized:

o) |2 = /R (W00 (1))2 dr
= / (" P (g™t — ntg))* dt
R

= / (¥ (x))? dx
R
=1.
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In the last step the orthogonality will be proved: From (2.48) follows

1= [y k0|12
— Z |l//()‘0 to) (Xo,lo)>|2
W VEZ
=P+ Do 1™ vl
(1, v)#(m,n)

Hence

Z |(1/,()~0 lo) ()»0 lo)>| =0
(u,v)#(m,n)

must hold. This is only possible for

(1/,()»0 ,10) 130(}\0 t0)> Sn.vSmpu-
Orthonormality together with the validity of Parseval’s identity guarantees complete-
ness. O

For a complete orthonormal system the reconstruction of a signal from its coeffi-
cients is fairly easy, it is just the generalized Fourier series

F@ =" D W f) -5 o). (2.49)

meZ ne’

For practical reasons dyadic frames, i.e. frames with Ag = 2, fp = 1 are preferred.

The question remains how a wavelets can be constructed in such a way that it
forms a tight frame. This question will be discussed in the chapter on multi-resolution
analysis.

2.4 Multi-resolution analysis

The concept of multi-resolution analysis is the key to the construction of orthogo-
nal wavelet bases and for the fast decomposition of a signal into disjunct frequency
bands. Before starting with a mathematical definition of the multi-resolution analy-
sis a motivating example will be given. Let f be a signal from a certain subspace
V_1 C La(R). This signal is to be decomposed into a high- and a low-frequency part.
The low-frequency part is obtained by an orthogonal projection Py f into a smaller
subspace Vy C V_1, which contains only the smooth functions of V_;. The orthogonal
complement of Vj in V_; will be denoted by Wy. The projection of the signal f into
Wo will be denoted by Qg f. In this way we have

f=Pf+0Qof (2.50)
Voi=Vod W. (2.51)
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The procedure can be repeated for Py f by representing Vj as the orthogonal sum of
V1, containing the smoother part, and of Wy, containing the rougher part of V. The
corresponding projectors are called P; and Q.

Pof =PiPf+ Q1P f (2.52)
and therefore
f=Pf+0Qof
=PiPf+ QiPof+ Qof (2.53)

The two-stage decomposition is illustrated in Figure 2.17. Iterating this technique,

Vi
Voo
Pof "
PP f 1
Vi
S Q/
Wi
O1Pf
7 Qof

Wo
Figure 2.17. Two-stage decomposition

one obtains the relation
f:PnPn—l---P0f+QnPn—l--'P0f+Qn—an—Z'--POf‘{“'"FQOfa (254)

which is schematically displayed in Figure 2.18. This scheme corresponds to a decom-
position of the signal f into different frequency-bands, as it is shown in Figure 2.19.
The decomposition of a signal into different frequency bands is the core of the

multi-resolution analysis.

Definition 2.4.1. A nested sequence

0jc---cVvacvicWwcVyC - CLyR) (2.55)
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Py Py P
Lo(R) v Vi Vo Vi V2
Wo Wi W
Figure 2.18. Multi-resolution analysis
‘ Pop—1f ‘ Qom—1f
\ / \ \ \ 1)
C Pf | Onf Qom—1f
I I I T P
‘Pnf‘ an‘ On—1f | Oom-1f |
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1)

Figure 2.19. Decomposition into separate frequency bands

of closed subsets V,,, C L, (R) is called a multi-resolution analysis (MRA) of L, (R),
if the following four statements hold:

(1)
U Vi = La®). (2.56)
me7z

(ii)
() Vi = {0}. 2.57)
mez

(iii)

f(®) € Vi & f(2") € V. (2.58)
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(iv) There is a function ¢ € L, (R) with

Vo = span{p(s — k) | k € Z} (2.59)
and

AN <Y -3, <BY . 0<AB (2.60)

keZ keZ keZ
for all {cx}rez € 1 (Z).

Some of these properties are more of a technical nature. The essential property is
(2.58). This equation expresses the fact that all spaces of an MRA are scaled versions
of the base space Vp. The space Vj itself is spanned by shifted versions of the so-called
scaling function ¢. For m — oo the elements of V), are getting more extended and
dilated. For m — —oo the spaces V,, contain increasingly finer structures.

The space Vj is spanned by the shifted versions of the scaling function ¢. Due
to equation (2.58) the spaces V,, are spanned by the shifted versions of ¢, x(x) =
27Mm2p(2 M x — k):

Vin = span{op k | k € Z}. (2.61)

The following simple example is to illustrate the concept of MRA.

Example 2.4.1. Define the sequence of subspaces {V,,},,cz as follows:
Vi = {f € La(R) | supp F () C [-m27", 727" ]). (2.62)
This means that all the subspaces consist of band-limited signals. Obviously,

feVy=suppF{f}C[—n27" 727" C [—r2~ =D go=lm=D)
= f € Vm—l
holds, which induces V,,, C V,,_;. Since for f € V,, the relation
supp F{f(2"¢)} = supp2™ " F{f}127"w) = {0 | 27" 0| < 727"}

={o||o| <}

is valid,
feVm=>fQ")eW (2.63)

can be concluded.
From equation (1.23) in the sampling theorem (p. 5) it is easy to see that

sin(rx)

o(x) = (2.64)

is the scaling function of Vj.
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Let g € (,,ez Vin- Hence supp F {g} = {0} must hold. Consequently,

a, w=0

Flgt= { (2.65)

0, else,

i.e., the Fourier transform of g differs from zero in one single point only. Since the
Lebesgue integral does not change if the integrant is changed on a set of zero measure
one can conclude

1 1
=— | F Ydow = —— | 0’ dw =0. 2.66
gx) M/R {glw)e™ do «/E/R e dw (2.66)

Summarizing, one can say that the conditions (ii), (iii), (iv) and (v) in the definition
of an MRA are fulfilled. The condition (i), which is of a bit more technical is not
verified. We will suppose for the moment that this condition is fulfilled as well. Then
the spaces (2.62) form an MRA of L, (R).

Now the question arises how the MRA is connected to the original goal, the con-
struction of a tight wavelet frame. The answer is that the bases of the difference spaces
W, of an MRA will form a tight wavelet frame, provided the scaling function ¢ of
the MRA has some nice properties. For this reason the properties of ¢ will be studied
first.

Lemma 2.4.1. Let ¢ be the scaling function of an MRA. There exist a uniquely deter-
mined sequence of real numbers {hy}rcz with

9(x) =V2) hip2x — k). (2.67)

keZ

Proof. The scaling function ¢ is an element of Vj. Since Vo C V_1 holds, ¢ € V_;
can be concluded. The functions {v/2¢(2¢ — k)}xez) form a Riesz base of V_;. Hence
there are uniquely determined real numbers £ with

9(x) = V2 hip2x — k).
keZ O

Definition 2.4.2. Equation (2.67) is called scaling equation of the MRA and the co-
efficients hy, are called scaling coefficients.

As we remember, the shifted versions of the scale function ¢ form a Riesz base of
Vo. Such a Riesz base is particularly nice if it is orthogonal:

(e —k),p(«=1) = . (2.68)

Whether or not a scaling function forms an orthogonal Riesz base can be read from
its scaling coefficients.
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Lemma 2.4.2. Let ¢ be the scaling function of an MRA. Let the shifted versions of ¢
form an orthogonal base of Vy. Then

Z hihis2m = Som (2.69)
keZ

holds.
Proof. A simple calculation yields

Som = {(@(), p(s + m))
= <J§Z hep2x =K, V2 Y hip(2(x +m) — z>>

keZ leZ

= 22 thhl((p(Zx — k), p(2x — I + 2m))

keZ leZ

=2) ) hison(ex — k), 9(2x — 1)

keZ leZ

=3 hihisamdu

keZ leZ

= Z hihiyom.

keZ O

Lemma 2.4.3. Let ¢ be the scaling function of an MRA. Then {¢(«— k) | k € Z} forms
an orthogonal system if and only if

R 1
D 1p@+2mm) = (2.70)
nez

holds.
Proof. Suppose that {¢(« — k) | k € Z} is an orthogonal system. Then

(e = k), @(« = n)) = Sk.n

holds. As a consequence one obtains

Sok = (@(+), P(s)e ™)

= / 19(w) > dw
R

2
= / Z|¢(w+2nn)lze’k‘”dw.
0

nez
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The equation can be interpreted as the computation of the k-th Fourier coefficient of
Y onez l@(w + 27rn)|?, which is shown to be 27 - 8ox. For k = 0 the result

1
§ |¢(w + 27n)|? = —
27

nez

follows immediately. O

For many purposes it will be convenient, to express the scaling equations in the
Fourier domain. On this behalf a transfer function of the scaling coefficients is defined
by

H(w) := ? Z hye ke, .71)
keZ

Consequently, the Fourier transformation of the scaling equation (2.67) results in the
following simple product:

d(w) = H (g) & (%) . 2.72)

The orthogonality of the scaling function is characterized by the following theorem.

Theorem 2.4.1. Let {V,,} be an MRA of Ly (R), which is generated by the orthogonal
scaling function @. Then the following relations are true:

|H(@)]? + |H+m)]> =1, (2.73)
H@O)=1, H(r)=0, (2.74)
and
th =2, Z(—l)khk =0. (2.75)
keZ keZ

Proof. Obviously ¢(0) # 0 holds. With the help of (2.72) one obtains

O

= =1.
¢(0)

H(O0) =

Let us now assume that the orthogonality condition (2.70) is fulfilled. Together with
H(0) = 1 this leads to H(wr) = 0. Since the scaling function ¢ is supposed to be
orthogonal, equation (2.73) holds. If the relation (2.72) is inserted, the following result



50 2 Wavelets

is obtained:

1 ~ 2
— =Y ¢+ 27n)|

21 -
nez

H(§+nn)¢(

(&) 2o (3 ) 2o
() S (@ ez o () (G 4n) o)

me meZ
(5 5zl (G )] 5
= — — — 47 —.
2 2 2 2
Hence
1 = |H@)]* + |H(w+ 7))
holds. O

At the moment we have the decomposition V_; = Vp & Wy and we have a base
of Vp. What is still needed is a base of Wy. Since Wj is the orthogonal complement
of Vp in V_1, any base function i of Wy has to be orthogonal to every element of Vj.
This is certainly true, if 1 is orthogonal to every base function ¢ (s — k) of V. Due to
(2.67) the base function has the representation

px —k) =2 hg@x — 2k —1).
leZ
Hence the orthogonality condition reads
0= <w, V2 hg@x — 2k — 1)}. (2.76)
leZ
Since ¢ € Wy C V_1, there are coefficients g,, with
Y(x) =V2) gmpQx —m). 2.77)
mez
Inserting this in (2.76) one obtains

0= <ﬁ 3 gne@x —m), V2 Y hp(2x — 2%k — 1)>

meZ leZ

=233 gmhile@x —m), p(2x — 2k — 1)) =

meZ leZ
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=2 " emhi-a(px —m), 0(2x — 1)

meZ leZ

= Z hm—Zkgm .

mez

This relation is an infinite-dimensional homogeneous linear system of equations for
the coefficients g, of the base function ¢ € Wy. Of course the system has several
solutions. One solution is

gm = (=D"hi_p, (2.78)

which can easily be verified:

Z hin—2k8m = Z hn—2k (=1)"h1_p,

meZ meZ

=Y hu(=D)"h1_m
meZ

= Z homhi—2(m+k) — Z homt1h—2m+k)
meZ mez

=Y hoarihust = Y hangih amyry (= —(m+K)
WEZ mez

=0.

In this way we have found a special element ¢ € Wy. But this particular element has
additional properties:

* i is a wavelet,
¢ the shifted versions of iy form a Riesz base of Wj.

Theorem 2.4.2. Let{V,,}cz be an MRA of L, (R), generated by the orthogonal scaling

function ¢. Let {hy}re7, be the scaling coefficients of ¢. The function € V_1 defined
by

V) =V2) gp@e = k). gei= (=D iy (2.79)

keZ

has the following properties:
(1) ¥ is a wavelet with cy, = 21In 2.
(i) {(Yma(x) :=2""29Q2"x —k) | k € Z} is a CONS" of Wy,.

(iii) {Ym.k | m, k € Z} is a tight wavelet frame in Ly (R).

IComplete orthonormal system, see Definition A.2.5 on p. 224
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Proof. The proof can be found in [68]. O

The theorem shows the way for the systematic construction of tight wavelet frames
1. Construction of an MRA with an orthogonal scaling function ¢.

2. Determination of the scaling coefficients {/}xcz.

3. Construction of the mother-wavelet ¢ by (2.79).

Example 2.4.2. The earlier discussed example of an MR A spanned by the sinc func-
tion is not directly suited for the construction of a tight wavelet frame. Since

sin(w(x — k)) sin(w(x — 1)) _|s sin(rw(x — k)) e sin(zw(x — 1))
< rx—k  omwx—1) >_ { (x — k) } { m(x —1) }

— (H (2) e—tnka)’ I (2) emlw>
T T
b4
:/ e—z(l—k)a) dow
-
=27

holds, the scaling function ¢ is orthogonal. From (1.23) in the sampling theorem one
can conclude

sin 7w x
p(x) =
X
_ sin(rn/2) sin(2r(x — n/2))
- ’g wn/2 2 (x —n/2)
. sin(rrn/2) sin(w (2x — n))
N % wn/2 7(2x —n)
_ sin(mrn/2) B

This leads to the scaling coefficients

B, = Sn@n/2) (2.80)
n/2

and to the mother wavelet

(2.81)

_ B o 8in( (1 —n)/2) sin(zw (2x — n))
V@ =) (=D 7(—n)/2) xQx—n)

nez

The resulting Shannon wavelet is displayed in Figure 2.20.
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Figure 2.20. Shannon wavelet

Nevertheless, for practical applications the Shannon wavelet is not particularly
suited, since it has an infinite number of non-vanishing scaling coefficients. Wavelets
with a small number of non-vanishing scaling coefficients are much better to handle.
For this reason in the next example a wavelet with the smallest possible number of
non-vanishing scaling coefficients will be discussed.

Example 2.4.3 (Haar wavelet). Following our previously mentioned algorithm, let
us start with the construction of an MRA of L, (R). The spaces V,, are defined by

Vi i=1{f € Lhy(R) | f(x) = const forx € [2"k,2"(k+ 1)[, k € Z}. (2.82)
It is easy to show that

f € Vi = f(x) =const forx € [2"k, 2" (k + 1)[
= f(x) = const for x € 20" Vg, 2m=D(k + 1)[ (2.83)
= f € Vin—1

holds. Hence
{0bc---cvVicVpcCcV_iC---CLyR) (2.84)

is valid. Furthermore,
f € Vi = f(x) =const forx € [2"k, 2" (k + 1)[

= f(2"x) = const forx € [k, k + 1[ (2.85)
= f") eV
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is valid. Let
1, 0<x<1

2.86
0, else, ( )

p(x) =

then obviously

Vo = span{p(s — k) | k € Z} (2.87)

holds. Consequently, the spaces V;, form an MRA of L, (R) with the scaling function
@, the so-called Haar scaling function. The scaling function is displayed in Figure 2.21.

Figure 2.21. Haar scaling function

The next step is the determination of the scaling coefficients. Obviously,

1, k < k+1
PLi(r) =V2pQx —k) =2 2=1T 2 (2.88)
0, else
holds. Hence | |
(x) = (— o) + —=01, (X)) (2.89)
¢ ﬁﬁl’l ﬁfpl 1
is valid. Consequently, the scaling coefficients of the Haar scaling function are
1
ho=h; = —, h; =0celse. (2.90)
R

The last step is the determination of the Haar wavelet

1, 0<x<0S5
Y(x) = (hiero(x) —hop11(x)) =1—1, 05<x<1 (2.91)
0, else.
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The graph of the Haar wavelet v is plotted in Figure 2.22.
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Figure 2.22. Haar wavelet

So far a systematic tool for the construction of a tight wavelet frame was developed.
Now the question has to be addressed, how the Fourier coefficients of a given signal f
with respect to a wavelet frame can be computed. This will lead to the famous Mallat
algorithm.

2.5 Mallat algorithm

Using the technique of MRA, it was possible to construct a tight wavelet frame
{Ym.n}m.nez in Lo(R). Therefore every signal f € L>(R) can be represented by

FO =Y d" Yma(x),  d™ =, Ymn)- (2.92)

meZ ne’Z

Of course it does not make much sense to compute the coefficients d,(lm) by the nu-
merical evaluation of the scalar products. Especially for large values of m the support
of ¥, » will grow very large and the numerical evaluation would require numerical
quadrature formulas with many nodes. This would make discrete wavelet transforma-
tion very unattractive from the numerical point of view. Fortunately, there are possi-
bilities to compute the coefficients of the scale m recursively from the coefficients on
scale m — 1. This is the core of Mallat’s algorithm.

Let {V,,} be an MRA of L>(R) and let us consider a signal f € Vp. Then this
signal has the following representation with respect to the scaling function ¢:

F@ =Y Vo — k. (2.93)
keZ
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Let us further introduce the following abbreviations

d™ = (f, ¥mr)s " = (f, Omi)- (2.94)

Then with the help of the scaling equation (2.67) and the definition equation of the
wavelet (2.79) one can conclude:

d™ = (f, Vi)
= (f,27" 2y 2 7"x — k)

=(£22V2Y g~ - D)

leZ
=3 @ fi27"T @ " Vx — 2k + 1))
leZ
=" &S omt.2641)
leZ
= g lfs om-11)
leZ
= Zglfzkcl(m_l).
leZ

In a completely analog way the corresponding result
—1
Cl(cm) _ Zhlekcl(m )
leZ

can be proved. Together, we have the two recursions

o= hioe" Y, (2.95)
leZ

d" =" gowe™ V. (2.96)
leZ

The two equations (2.95) and (2.96) constitute already the Mallat algorithm for the fast
computation of the wavelet coefficients of a given signal f € Vj. If the representation
(2.93) of the signal f with respect to the Riesz base of Vj is already known, formula
(2.95) computes the coefficients c,El) of the projection P;f of f in the space V.
Formula (2.96) computes the coefficients d,gl) of the representation of the projection
Q1 f of f inthe space Wj. The coefficients d}gl) are already a final result. They are the
coefficients of the wavelet spectrum of f on the scale 1. In order to obtain the wavelet
spectrum on the coarser scales 2, 3, ... the procedure will be repeated for c,({l). The

application of (2.95) will give the coefficients c,(cz) and formula (2.96) computes the
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wavelet spectrum a’,iz) on the scale 2. In this way the complete wavelet spectrum d,gm)
can be computed recursively. No integral has to be evaluated.

To be a bit more precise, the procedure will be described using decomposition
operators H and G. Let us define

H:1(Z) — h(Z)

¢ He=[(How =Y hi-xal (2.97)
leZ

and
G :1L(Z) — I,(Z)

c— Ge= {(Gc)k = Zg1—2k61}- (2.98)
leZ

This leads to the following scheme (Figure 2.23) for the computation of the wavelet
spectrum.

RO) H (D H 2 _H NE)

PO 4 ple)

Figure 2.23. Scheme of the Mallat algorithm

Now the inverse problem has to be discussed. Suppose that the wavelet spectrum
{dD,d® d® .. .}is given. How can the signal f be reconstructed?

To answer this question, we consider the decomposition Vo = V; @ W;. For an
element of V; holds

0 1 1
o g0 = Cj(~ )§01,j+zd;)1ﬁ1,j
keZ JEL JEZL
1 1
=Y S g+ Y d D gigo2j
JEZ leZ JEZ leZ
1 1
= ch( )Zth—IQOO,l + Zd,( )Zng—l(PO,l
JEZ leZ JEZ leZ

1 I
=> (ZCJ( "hyji + d; )g2j—1)§00,1-

leZ jeZ
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A comparison of coefficients yields
0 1 1
o = (X oy +d g2y (2.99)
JEZL

This means, given the coefficients cD of P f € Vi and the coefficients d® of
Q1f € W the coefficients of the original signal f € Vy can be reconstructed by
means of (2.99).

Again, this reconstruction can be expressed by operators H*, G*.

Lemma 2.5.1. Let H, G be the decomposition operators (2.97), (2.98). Then their
adjoint operators H*, G* are given by

H* : h(Z) — 1h(Z)

c— H¥c = {(H*C)k = th_zlcl} (2.100)
IeZ
and
G* . lz(Z) — ZQ(Z)
c— G'c= {(G*C)k = ngfzzcz}- (2.101)
IeZ
Proof.

(He, by, = ) (Ho)by
k
= Z (Z hl—ZkCl>bk
k !
= Z c ( Z hl—2kbk)
! k

= c/(H*b)
l
= (c, H*b)y,.

Hence H* is the adjoint operator of H. In the same way it can be shown that G* is
the adjoint operator of G. O

With the help of the adjoint operators a single reconstruction step can be written
as
"D = grem 4 G*a™. (2.102)

A schematic view of the inverse Mallat algorithm is shown in Figure 2.24.
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(M) H cM=1 H cM=2) H cM=3)___

G* G* G*
dM) dM-1) dM-2)

Figure 2.24. Scheme of inverse Mallat algorithm

So far, we have only considered signals from the space L, (R) having an infinite
coefficient sequence ¢© € I,. In practical applications the number of sampled signal
values and therefore the number of coefficients c,({O) will be finite. For a finite number
of coefficients and for scaling equations of finite length the Mallat algorithm can be
represented as a sequence of matrix multiplications.

Let us assume that the signal has a finite number of initial coefficients c(()o) s ci%)

and let us further assume that the scaling equation (2.67) has only four non-vanishing
coefficients Ao . .., h3. The smoothing step (2.95) is

C(()l):ho-c(()o)-i-hl'C§O)+"'+h4'cim

AV =ho- e +hy- e+t ha-cg)

cél)zho-cgg)+h1-cﬁg)+-~‘+h4-c§(;)

& = hy-c® b3 - 4 ho - iy -0,

The last equation of this group is generated by periodic continuation of the input stream

c(()o), R cgg) . Basically, the last equation would be

1 0 0 0 0
cg ) = ho - c§4) + hy -055) + hy - c§6) + h3 - c§7).

But since the coefficients c?%), cﬁg) do not exist, they are replaced by the periodic

continuation c(()o), c%o). In matrix notation this can be written as

©)

I ho h1 hy hs <)
cgl) ho hi hy h3 cil)
= . A7 (2.103)
: Do ho hy hy h3 :
o ho hs ... hohi) \ (O
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In a completely analog way the differencing step (2.96) can be written as

1 0 0 0
a’é)=go ()+g1 §)+ +ga- ()

1 0 0
i’ =go-cy) +g1- ¢+t ()

1 0 0 0
d()_go-cgz)—kgl c§3)—|—---+g cis)

1 0 0 0 0
d7()=g2~c(())+g3 ()+go 0(4)+g1 055),
or in matrix form

(D ©0)

dol 80 81 &2 &3 Col
d1() g0 &1 & &3 cg)

: Do ho g1 82 83 :
a g2 83 --- 20 &1 c\V

Therefore, for finite signals the operators H, G are the matrices

ho hy hy hs
ho hy hy hs
H =
Do ho hy ho h3
hy hs ... ho hi
and
80 81 82 &3
80 81 82 83
G =
Do ho g1 & &
82 83 ... 80 &1

(2.104)

(2.105)

(2.106)

For a finite signal the reconstruction (2.99) of ¢© from ¢ and dV can be written as

)

€y =hy-c (1) + hy - C(l)

15 + 8o+ d(l)+g2'd1(é)
AV =p,. (')+h W g dl +g5-dl?
(O)—ho- eV hy el +go-dY + go - d”
¢ =h3- e+t hscf by

1 1 1 1
Cﬁ)—ho‘ ()—i-hz ()+g0'd§)+g2'dé)
0 1 (1 1 1
AV =nyp eV thy eV g dV +g5-d",



or in matrix form
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)

) ho ha )
KON I I I
0 naho | | e
) h3 h (1
15 > ¢
)
80 &2 o
(e))
81 83 (&
+ : (2.107)
eo| |0
(1)
83 81 c
Evidently, the reconstruction operators H*, G* are the matrices
ho hy
hy h3
H* = . , (2.108)
hy ho
h3 hy
80 82
81 83
G* = (2.109)
82 80
83 81

Obviously H* = H', G*

G ' holds, which is quite natural since for matrices the

adjoint operator coincides with the transposed matrix.

Example 2.5.1. As an example the Mallat decomposition and reconstruction is to be
considered for a simple 16-elements ¢(?) sequence:

C(O) = {O, 0, 1, 1, 1, 1, 1, 2, 3, 47 57 57 57 57 575}

The initial sequence is displayed in Figure 2.25.
The smoothing and the differencing filters are assumed to have only two non-
vanishing elements

ho = 0.707107, h; =0.707107, go =0.707107, g; = —0.707107. (2.110)



62 2 Wavelets

Figure 2.25. Initial sequence

Consequently, after the first decomposition step the following sequences are obtained:

¢ ={0, 1.414214, 1.414214, 3.535535, 6.363963, (2.111)
7.07107,7.07107, 7.07107},
dV ={0, 0,0, —0.707107, —0.707107, 0, 0, O}. (2.112)

The smoothed and differenced sequences are shown in the Figure 2.26.

— NN W A NN

Figure 2.26. Outcome of the first decomposition step
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This procedure can be repeated leading to the sequences

¢® =1{1,3.5,9.5, 10}, (2.113)
d? ={-1,-3.5,-0.707107, 0}, (2.114)

which are plotted in the Figure 2.27.

Figure 2.27. Outcome of the second decomposition step

Conversely, the reconstruction step applied to ¢®, d® recovers ¢! and the recon-
struction step applied to ¢V, 4V gives back ¢(©.

2.6 Wavelet packages

Frequently, in a frame 1o = 2 is chosen as scale spacing. Therefore the frame coeffi-
cients for different scales indicate the signal behavior in different octaves. For some
applications it is necessary to have a finer frequency resolution. The simplest way to
achieve this goal would be to decrease the frequency spacing parameter. But this would
increase the computational load to an unacceptable value. To avoid this disadvantage,
wavelet packages can be applied. Wavelet packages are generalizations of wavelets in
such a way that each octave is split into finer frequency bands. This splitting trick is
due to I. Daubechies.

Theorem 2.6.1. Let {f(s — k) | k € Z} be an orthonormal base of L2(R), fulfilling
the scaling equation

f) =) hef@x —k). (2.115)

keZ
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With the scaling coefficients hy, and the corresponding coefficients
gk = (=D ¢, (2.116)
two new functions can be defined:

Fi(x) i= Y pep hi f(x — k), 2.117)
Fr(x) =Y iep 8k f(x — k). (2.118)

Then {F1(s — 2k), F»(s — 2k)} is an orthonormal base for span{ f (s — k)}.
Proof. [15]. O

The equations (2.117), (2.118) can be considered as two filters applied to the signal
f. Their filter characteristics are:

H(w) = ﬁthe—’kw, (2.119)
keZ

Gw) =2 gre . (2.120)
keZ

As Figure 2.28 shows, H is a low-pass and G is a high-pass filter.

Figure 2.28. Filter characteristics H and G

Hence the functions F7 and F» are the lower and the higher frequency part of f as it
is shown in Figure 2.29.
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0.8 T T T T T T

Figure 2.29. Spectra of f, F1 and F»

The functions F; and F> obtained by the splitting of f have a better frequency
localization but of course at the price of having larger supports.

Now the idea of wavelet packages is to use a wavelet ¢ as the function f to be
split. This will give two new wavelets

Yy @) =) ey (x — b, (2.121)
keZ

v =" avx—k), (2.122)
keZ

which together span the space Wi:

Wi = span{y/(+ — k) | k € Z}
= span{y V(= 2k) | k € Z} & (Y@ (- — 2k) | k € Z}
=W @ Wi.
The space Wl1 contains the lower frequency part and the space le contains the higher

frequency part of the original space W;. Using in the next step f(x) = %ﬁw@_lx)
as function to be split, the space W> can be split into two bands:

Wy =W, ® W3 (2.123)

This procedure can be repeated again and again leading to the MRA scheme shown in
Figure 2.30. In contrast to the standard MRA scheme, for every differentiation step
an additional differentiation and smoothing step has to be carried out.
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Ly(R) e Vo 4 Va
G\ \
H H
W, wi Wo W)
(x A\
2 2
Wi L&
Figure 2.30. MRA scheme for a wavelet package
Example 2.6.1. For the simple Haar wavelet
Y(x) = Xio,31 — Xd1p
having the scaling coefficients
A I 1 1 1
0="11=—= 80=—"F=, 81 ="
V2 V2 V2
the corresponding wavelet packages are
YO @) =hop(x) + hip(x — 1) = 7(x[0 U X X

and

1
1/f(l)(x) =gV +giyx—1)= \/—(X[() 1T X3 + X[ 2])

The graph of the wavelet packages is shown in Figure 2.31.

- X[%,z])

Now a modified form of the Mallat algorithm for wavelet packages has to be

developed. Let

Cmk = (f, Om,k)>
dmk = ([, Ymk)s

e = L V).
A2 = (f U

(2.124)
(2.125)

(2.126)
(2.127)
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y® o)

1.0 2.0

Figure 2.31. Haar wavelet packages

Then, using the scaling equations, one obtains

Cmk = <f, Zhlwm—1,2k+z>

leZ
= hicm—1. 2641
leZ
=Y hiokCm11,
leZ
dmk = (f, Zngpm—l,zk+z>
leZ
= Zglcmfl,ZkJrl
leZ
= g 2%kCm11,
leZ

diyy = (£, 27"y D@ = 2k))

_ <f, 2723 hy 27 — 2k — n)>

nez

= Z hn (f’ Wm,2k+n>

nez

= Zhndm,2k+n = Zhn—dem,na

nez nez

2.0

(2.128)

(2.129)

(2.130)
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dy = (f27" Py @@ = 2k))

m,k

=(f.22 Y @~ 2% = )

nez

= &ulfs Ym 2kn) (2.131)

nez

= Z gndm,2k+n

nez
= Z gn—dem,n~
nez

Using again the operators H and G, defined in (2.97) and (2.98), the Mallat algorithm
for wavelet packages can be written in a more compact form:

cm = Hcm_1, (2.132)
dy = Gem_1, (2.133)
d\V = Hd,, (2.134)
d? = Gd,. (2.135)

In the same way, with the help of the adjoint operators H* and G* from formulas
(2.100) and (2.101) the reconstruction scheme can be written as

dp = H*d\D + G*d?, (2.136)
em_1 = Hcpy + G*dy. (2.137)

Of course, the splitting trick can be also applied to ¥ (1 and ¢ leading to a further
increased frequency resolution on the price of a reduced time resolution.

Example 2.6.2. In order to convey an impression on the effect of wavelet package
analysis, a piecewise constant signal is analyzed once by the Haar wavelet and once
by the Haar wavelet package. The analysis is visualized in Figure 2.32.

In both spectra the signal is entirely located in at the scale 4, i.e. the only scales
which occur in the signal are between 8 and 16. The wavelet spectrum cannot discrim-
inate scales between 8 and 12 from scales between 12 and 16. It is wildly oscillating in
this range. In contrast to the wavelet spectrum the wavelet package spectrum clearly
shows that the signal consists of a superposition of a signal with a scale of 8 and a
signal of scale 12. The first having twice the amplitude of the second. This proves
the increased scale resolution of a wavelet package compared to the scale resolution
of the simple wavelet.

2.7 Biorthogonal wavelets

Orthogonal wavelets have the advantage that for the decomposition and for the re-
construction the same filter coefficients can be used. On the other hand, orthogonal
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Figure 2.32. Piecewise constant signal (top), its wavelet spectrum (middle) and its wavelet
package spectrum (bottom)
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wavelets are always asymmetric and have comparatively large supports.
If one is interested in wavelets with smaller supports or in symmetric wavelets the
only way out is to use different filters for decomposition and for reconstruction:

F=Y 3 o VmidWmk = D > S Ymk)Vm (2.138)
meZ kel meZ kel

This is only possible if scaling functions and wavelets of the decomposition and of the
reconstruction filters are mutually orthogonal.

Definition 2.7.1. The wavelets {1/, ¥} are called biorthogonal, if for their scaled trans-
lates

Yk (@) =272 Q7" —n), i) =27"PYQ " —n)  (2.139)

the following relation holds:

(‘/fm,k, &u,v) = 5m,u3n,v‘ (2.140)

As in the case of orthogonal wavelets also in the case of biorthogonal wavelets the
wavelet ¥ and the dual wavelet ¢ are related to a scaling function ¢ and a dual scaling
function ¢ by a pair of scaling equations:

o) =v2 gt — k), (2.141)
keZ

P(t) = «/EZﬁkgz(zz — k). (2.142)
keZ

The equations (2.140), (2.141) and (2.142) express that in the case of biorthogo-
nality we have two multi-resolution analyses of L, (R):

{0Jc---CVaoCcV.iCVoC Vi CLaR), (2.143)

Olc---cVaocVycVocC Vi C LyR). (2.144)

The scaling spaces V; and the dual scaling spaces 17] are the spans of the integer
translates of the scaling function ¢ and the dual scaling function ¢:

Vi = spang 7 {27227 e — k), Vj = spany 7 (272G — k). (2.145)
Quite similar, the wavelet spaces are the spans of the scaled and translated wavelets:
W = span;z {2720 Q7o — k), W; = spangz {27724 (277 — k). (2.146)

The important difference to orthogonal wavelets is that the wavelet space W; is not the
orthogonal complement of V; in V; 1 ! This role is played by Wj:

VLW, VLW, (2.147)
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The decomposition and reconstruction algorithms for biorthogonal wavelets are
only a slight modification of the Mallat algorithm for the decomposition and recon-
struction with orthogonal wavelets.

First the operators H, G, H s G have to be defined:

H: 1, (Z) — I,(Z)

cH {(Hc)k = ZhlekCl} (2148)
leZ
G:1h(Z) — Ih(Z)
¢ {(Gc)k = Zgl—2kcl}, gk = (=D*h g, (2.149)
IeZ

H: L(Z) — L(Z)
cH> {(ﬁc)k = Zﬁz—zkcl}

leZ

(2.150)

G: 1h(Z) — L(Z)

cr> {(éc)k = gZ:gz-szz}, g = (=D .

(2.151)

Let us now assume that for an element f € V) the representation with respect to
the base {¢(s — k)} is already given:

F0 =Y D0 —k). (2.152)
keZ

As for orthogonal wavelets, the scaling and the wavelet coefficients on scale m are
defined by

C]((m) = (f, omi)s d]Em) = (f, Ymok)- (2.153)

Then the following relations are valid:

A" = {f, Y k)
= &S om—1.2441)

leZ

=Y @S (2.154)
leZ

-1
= Z gl—2kcl(m )
leZ
= (Gc" V),
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" = (f omi)
= il f. mo1.2011)

leZ

-1
=Y heSy (2.155)
leZ

—1
= Z h[_ZkCl(m )

leZ
= (Hc" Dy,
This means that also in the case of biorthogonal wavelets the decomposition follows

the scheme displayed in Figure 2.33.

0 H D H @ H ®

PO a4 pre)

Figure 2.33. Decomposition for biorthogonal wavelets

Now let us consider the reconstruction. In contrast to the orthogonal wavelets case
instead of the adjoint operators H*, G* the corresponding operators H* and G* will
be used. These operators are defined in the following way:

H*: 1,(Z) — 1 (Z)

> {(g*c)k - Z;;k_ycl} (2.156)
leZ
G*: L(Z) — hL(Z)
c {(G*C)k = ng_zlq}, = (_1)kh1—k- (2.157)
leZ
Lemma 2.7.1. It holds
H*H+G*G =1. (2.158)

Proof. Since ¢, ¢ and ¥, 1/~/ are scaling functions and wavelet respectively, which are
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constructed according to Definition 2.7.1, the following relation holds:
S0 = / P(OF(x — k) dx
R

= [ V2 hox —1) V2>  hpdQx —2k —m)d
/R D he@x =D V2 hug(2x m) dx

leZ mez

=2y hlﬁm/ oQx —1) - §(2x — 2k — m) dx
I,meZ R

=X hzﬁm/ws)-¢(s+z—zk_m>ds

1,meZ R

= Y hihw - 8 24m
I,meZ

= th “hy_og.
leZ

In the same way the validity of

Sok =) 8- &2
leZ

can be shown. Finally, it can be concluded that
((H*H + G*Glo)k = (H*Ho)i + (G*Ge)k
= Z hi—2(He) + Z 8k—21(Go)y

leZ leZ
= hi-u Y hmoicm+ Y k-2 Y 8m-2Cm
leZ meZ leZ meZ
=Y cm ( > hiathmen + Y §k—2zgm—2z>
mez leZ leZ
= cm ( D hisathmin + Y gk7218m721>
meZ leZ leZ

73

= cm ( D hksathmgar + (=" h21+1—kflzz+1—m)-

meZ leZ leZ
Now four cases have to be distinguished:
1. Both m and k are even.

2. Both m and k are odd.
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3. mis even and k is odd.

4. m is odd and k is even.

Case 1:
Cm ( > higahmrar + (D" " horg o —m>
leZ leZ
=cCn ( Z ot (—myhor + Z hzl+1fzzz+1+(k—m)>
leZ leZ
=cm Y hivg-mh
leZ
=Cm * Ok,m-
Case 2:
Cm ( Z hirothmsar + (= 1) Z hot41—khors1 —m>
leZ leZ
= Cm ( > harpirgemban + Y hzlEZH-(k—m))
leZ leZ
= Cn Z i k—myhi
leZ
=Cm  Ok.m-
Case 3:
Cm ( D higathma + (=1 hzz+1—kﬁzz+1—m>
leZ leZ
= Cm ( > haryg-mhar =) h21ﬁ21+(k—m)>
leZ leZ
=0.
Case 4.

Cm ( D higathmsa + (=1 h21+1—kflzz+1—m>
leZ leZ

= Cm ( Z hathar - m—k) — Z h21+(m—k>ﬁzz)

leZ leZ
=0.

Consequently, for the computation of ([I:I *H + G*G]c)k again two cases have to be
considered.
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Case 1: k even

((H*H + G*Glo)k

=Y cm ( Y hiathmgar + (1" h21+1—kﬁ21+1—m>

meZ leZ leZ

=Y com ( > higathomiar + (=P h21+17ki121+172m)

meZ leZ leZ

P 2m+ 14k P
+> C2m+l<zhk+21h2m+l+21 + (=D Zh21+1—kh21+1—2m—1)
mez leZ leZ

=Y combrom

meZ

= cg.
Case 2: k odd
((H*H + G*Glo)x

=Y cm ( Y hiyathmya + (1" h21+17k17121+17m)

mez leZ leZ
- —_— -

=y CZm(th-i-Zthm—‘er + (=D Zh21+l—kh21+l—2m)

mez leZ leZ

P 2m+ 14k P
+y C2m+1<zhk+21h2m+l+21 + (=D Zh21+1—kh21+1—2m—1)
meZ leZ leZ

= Z C2m+18k 2m+1

meZ
= Ck. O

Schematically, the reconstruction step for biorthogonal wavelets is displayed in
Figure 2.34.

*

Jon  HY wm-n  HY  m-2  H ~(M=3)
G* G* G*
P dM=1) dM=2)

Figure 2.34. Reconstruction for biorthogonal wavelets

As in the case of orthogonal wavelets, also for biorthogonal wavelets their con-
struction starts with scaling functions {¢, ¢} and their scaling equations (2.141) and
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(2.142). If the Fourier series of the scaling coefficients {/x, i} are denoted by H(w)
and H(w), i.e.

1

H(w) = 5‘/52 hye ke, (2.159)
keZ

- 1 -

H(w) = E«/Zthe—”“", (2.160)
keZ

the procedure for the construction of biorthogonal wavelets is described in the following
theorem.

Theorem 2.7.1. Let H, H be trigonometric polynomials which fulfill

HH)+H+m)Hw+7r) =1, (2.161)
H) = H(©0) = 1. (2.162)
Additionally, suppose
H(w) = <1 +26m>Np(w>, (2.163)
() = (1 +2em>ﬁﬁ<w), (2.164)

with trigonometric polynomials p, p having the properties

j
R —k \1/J . N—1/2
Bj = ]301211)15 | H pQ "), suppjen Bj <2 , (2.165)
j )
D. . ~n—k 1/j D N—1/2
Bj = max| Hp@ )", supp;ey B < 2V712, (2.166)

Then the following results are true:

L.
o) =[[HQ /w). ¢0)=][HQ o). (2.167)

izl izl

/ oGt —k)ydt =0, keZ\{0), (2.168)
R
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3. the functions

U(w) =e " PHw/2+7) - §(0)2), (2.169)
V() = e P H@R2+7) - $(/2) (2.170)

fulfill
o Y1) = N2 Y 1 ep(—DFh ko2t — k),

c Y1) =V2Y4n(—DFhi g2t — k),

® fR wm,n(t)‘;;t,v(t) dt = 5m,p.5n,v

Proof. [151, [12]. O

In order to illustrate the concept of biorthogonal wavelets in the following example
a pair of biorthogonal wavelets is constructed.

Example 2.7.1. The simplest possible orthogonal wavelet is the Haar wavelet with
the box-function
@) 1, 0<x<1
X) =
¢ 0, else

as scaling function. The next better choice for a scaling function is the hat-function,
i.e. the convolution of the box-function By (x) := x[—1,1](2x) with itself:

x+1, —-1<x<0

1
o(x) ::/ Bo(t)Bo(x — t) dt :/ px—t)dt={1—x, 0<x<1
R 0
0, else.

The hat-function is displayed in Figure 2.35.
The Fourier spectrum of the hat function ¢ can be computed with the help of the

convolution theorem:

1

2
p(@) = V2r By’ (@) = F( /zsm(w/z)) i /2)2

A short computation yields

sin (a) /2).

. 1 1
V) = = dw)a?

Hence, defining H by

4sin®(w/4) cos® (w/4).

H(w) = l + %cos(a))
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Figure 2.35. Hat-function

the following scaling equation in the frequency domain holds:
1 1
V271 Hw/4)?

This means that the coefficients &y of the scaling equations are the Fourier coefficients
of the filter function H,

P(w) = cos®(w/4) - ( 4sin2(w/4)) =Hw/2) - ¢(w/2).

1 1 1
H(a)) = Ze_“" + E + Zelw,

i.e. the decomposition low-pass filter H has the filter coefficients
h_i1=1/4v2, ho=1/2/2, h =1/4V2.

The coefficients g; of the corresponding reconstruction high-pass filter easily can be
derived from the relation gy = (— D hy_g, ie.

G0=1/4v2, 31 =—1/2v2, & =1/4V2.

The filter characteristics of the decomposition high-pass filter and the decomposition
low-pass filter are shown in Figure 2.36.

The determination of the coefficients /z; of the reconstruction low-pass filter is
governed by the equation

> hihy ok = S0 1.
leZ

Due to the condition (2.161) the unknown coefficients Iy have to fulfill the normal-

ization condition 3
> =2 (2.171)
keZ
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1 { 1 1 1 1
RN S VA SN N |
0.6 Lo N N i
0.4 - .......... ........... ........... ........... .......... -
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0 i ~ i f j

-3 -2 -1 1 2 3

Figure 2.36. Filter characteristic of decomposition high-pass filter and decomposition low-pass
filter

Looking for a reconstruction filter with 5 coefficients, this condition yields 3 equations
for the 5 unknown parameters:

1

1~ -
—h_ —h_1 =0,
3 2+4 1

1~ 1~ 1-
—h_ —h -h; =1/+2, 2.172
it Sho + i /N2 (2.172)
liz +1fz =0
22 41—-

In order to have a unique solution of these linear equations, two additional conditions
can be imposed:

¢ a normalization condition (2.171) and
* a symmetry condition l~1_2 = h~2, ﬁ_l = h~1.

Hence the remaining system of linear equations is

1. 1-

Ehz + -h; =0,

lﬁo+lﬁl - (2.173)
2 2 2

o

2;12-1-251 +f~10 =
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One of the solutions of these equations is
- 1 1 3 1 1
h=1—=v2,-+2,-42, -2, —=+2
{ 8f4f4f4f Sf}
and to the corresponding reconstruction high-pass filter has the coefficients
G R S B B
g - 8 ’ 4 ’ 4 ) 4 9 8 .

The filter characteristics of these reconstruction filters are displayed in Figure 2.37.

1.2 T T T T T T T

08 Fiooon o\ U TR SN a
0.6 Lieonnif D) e L S ]
04 L) S N ) N

02 [ e, N e SRR SO W

Figure 2.37. Filter characteristics of reconstruction low- and high-pass filter

Using the iterative technique for the solution of the scaling equation a graphical
representation of the reconstruction scaling function ¢ can be computed. With the
known scaling functions ¢, ¢ and the known wavelet coefficients gx, gx the recursions
of Theorem 2.7.1 can be used for the computation of the decomposition and the re-
construction wavelet ¢ and . The graphical representations of these four function is
given in Figure 2.38.

In the example given above, the decomposition and the reconstruction filter differ
considerably in length. This is a typical feature of biorthogonal wavelets. Several
studies, e.g. in [12] were carried out to construct biorthogonal wavelet bases, where
the reconstruction and the decomposition filters have similar lengths. Some of the
filters which are taken from [72] are given below:
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decomposition wavelet
0.4

0 \
02 \
Iy \ o/
iy \ |/
o \/

reconstruction wavelet

Figure 2.38. Biorthogonal pair of scaling functions and wavelets

1 0.41809227322204
0 0.78848561640637
1 0.41809227322204
2 | —0.04068941760920
3 | —0.06453888262876
4 0.0

—5 | 0.00992177208685
—4 | 0.02183057133337
—3 | 0.00027989343090
—2 | 0.06115645341349

n hy, hy
—4 0.0 0.037828445554969
—3 | —0.06453888262876 | —0.02384946501956
—2 | —0.04068941760920 | —0.11062440441844

0.37740285561283
0.85269867900889
0.37740285561283
—0.11062440441844
—0.02384946501956
0.037828445554969
0.0
0.05382683783789
—0.11843354319764
—0.36378609009851
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hy hy,

0.34335173921766 0.47198693379091
0.541132373169141 1.32702528570780
0.34335173921766 0.47198693379091
0.06115645341349 | —0.36378609009851
0.00027989343090 | —0.11843354319764
0.02183057133337 0.05382683783789
0.00992177208685 0.0

N A W= O =3

The first biorthogonal wavelet filter given in the above table is of particular im-
portance. It belongs to the class of Cohen—Daubechies—Feauveau [12] biorthogonal
wavelets, which were used in the FBI Fingerprint Compression Standard.

Orthogonal and biorthogonal wavelet bases differ in some important items:

¢ Orthogonal wavelet filters and scaling filters must be of the same length, and the
length must be even. This restriction can be dropped for biorthogonal wavelet
bases.

* Symmetric wavelets and symmetric scaling functions are possible in the frame-
work of biorthogonal wavelets. In the framework of orthogonal wavelet bases
this is impossible.

* For biorthogonal wavelet bases Parseval’s identity does no longer hold. This is
probably the main disadvantage of biorthogonal systems.

From the practical point of view, in many cases it will be more suitable to use
biorthogonal bases instead of orthogonal wavelet bases for the signal processing. Bior-
thogonal bases give more freedom in their construction. So they can be better adapted
to the problem under consideration.

2.8 Compactly supported orthogonal wavelets

Mallat’s algorithm is only useful if the length of the filter sequences {h;} and {g} is
finite. Combined with their orthogonality this will lead to wavelets with a compact
support. The way how to construct such wavelets was found by I. Daubechies. Here,
we will follow the basic ideas of the construction of the so-called Daubechies wavelets.
The complete theory is rather complicated so that some steps have to be skipped. The
reasoning starts with a consideration of the filter properties of the wavelet transforma-
tion.
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2.8.1 Daubechies wavelets

The idea of the Daubechies wavelets is to construct orthogonal wavelets with a com-
pact support. Here we will follow this construction in its main features. Some steps
have to be left out since their proofs are a bit tedious and of technical nature.

Let us construct an orthogonal wavelet with 2N non-vanishing scaling coefficients
hg, ..., haon—1. Since the wavelet is to be orthogonal, the scaling coefficients have to
fulfill the following two equations:

2N—1
V2=Y" ha, (2.174)
n=0
2N—1-2m
Som= Y hihigom, m=0,...,N—L (2.175)
k=0

These are N + 1 quadratic equations for 2N unknown coefficients. In order to get a
unique solution, N — 1 additional equations have to be supplemented. Usually, these
additional equations express that the wavelet to be constructed has an sufficiently high
order.

The question of how to solve this system of quadratic equations is open in most
cases. Therefore an alternative technique for the construction of compactly supported
orthogonal wavelets will be sketched here. It is based on the following idea.

The filter characteristic H (w) of an orthogonal scaling function ¢ has to fulfill the
following conditions:

e orthogonality |H(a))|2 + |H(w + 7'[)|2 =1, (2.176)

1 4+e7'®

N
> ) L(w), L(w) a trigonometric polynomial.

e regularity H(w) = (

Theorem 2.8.1. There exists a polynomial P fulfilling

A=n¥PM+y"PA -y =1, yelo1], 2.177)
such that
2 _ 2 @\N 2
H@)] = (cos” 7) " IL(@)P"
2 (2N p (2@
|H ()| _(cos 2) P(sm 2)
holds.

Proof. Obviously,

N
1+e7'® N 2 1+ cosw N ( 2a)>N
= — = (cos” —
2 2 2

2
_ 1 + e—la)
- 2
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holds, which leads to

|H(w)|* =

Since L is a trigonometric polynomial its square |L(w)|? is a polynomial p in cos w.

Because of
.y W 1 —cosw
sin — = ——
2 2

it is convenient to write |L(w)|? as a polynomial P in sin? w /2:

|H(0)* = <0052 %)N P (sin2 2) .

2
Since
s+ T ( w T O 71)2 LW
cos = (cos —cos — — sin — sin — ) = sin“ —
2 2 2 2 2 2

is valid, it can be concluded that

1 = |H@)* + |H(w+ )
N N
= (cos2 g) P (sin2 g) 4+ (cos2 @+ n) P (sin2 @ ; n)

= (0052 %)N P (sin2 %) + (sin2 %)N P (cos2 %) .

Setting y = sin’(w/2),

1=1-»"Py) +y¥P1-y)

follows. =

Remark. The theorem allows the construction of H? and L2 from the solution of
(2.177). Hence there are two problems left:

1. The solution of (2.177) and

2. the extraction of the square roots of H2 and L2.

The first problem will be tackled by Bezouz’s theorem.

Theorem 2.8.2 (Bezouz’s theorem). If p1, p2 are two polynomials of degree ny, na
with no common zeros, then there exist unique polynomials q1, g, of degree ny — 1,
ny — 1 with

p1(x)q1(x) + p2(x)g2(x) = 1.
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Proof. [15]. O

Bezouz’s theorem guarantees the existence of unique polynomials g1, g2 of degree
< N — 1 with

A=»Va M+ =1.

Substituting u = 1 — y yields
(1 =)V g2) +u¥giw) = 1.
Due to the uniqueness of g1, g2 the relation g1 = g2 = P follows. This leads to

() =0-"N1-yYq )

N—-1
=A==V =y"Y g -y

k=0
00 —1 00
=3 ( kN> COSLED DY (1 kN> (=Dfyry
k=0 [= k=0
N-1
= ( k ) —D5  +oM)
k=0
= 3 <N+lf+l) Y+ oM.
k=0

Since g is a polynomial of degree < N — 1, the equation

N—

N+k—1
Pv() =qi(y) = Z( i )y"

k=

—

follows. This is an explicit solution of (2.177).

Once having the solution P(y) at hand one could compute |H (w)|? and by ex-
tracting the square root, the coefficients 4 of the scaling equation would be available.
But P =: Py is only the solution of the lowest possible degree N — 1. Besides this
solution there are many other solutions of higher degree. For a solution P of degree
higher than N — 1 we have

(A =NPG) = P01+ yN P = y) — Py(1 = )] =0. (2.178)

The polynomial yV has 0 as a zero of the multiplicity N. Hence 0 has to be a zero of
multiplicity N of P(y) — Pn(y) as well. This implies that P — Py is divisible by yN:

P(y) =Py +yNP(y), (2.179)
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with P being a polynomial of degree smaller than the degree of P. Obviously,

. . P(y)—P P(1—y)— Py(1—
B+ Pl —y) = (y)yNN(y) =y —Pyd—y)

(1—yN
A=Y (PG) = Pn()) + YV (P —y) = Py(1—y))
B yN (1 — )N
=0. (2.180)

Consequently, Pis symmetric with respect to 1/2. The results obtained so far are to
be summarized in the following lemma.

Lemma 2.8.1. A trigonometric polynomial H of the form

14+ e7'® N
H(w) = (T) L(w) (2.181)
satisfies (2.176) if and only if
L) = P <sin2 %) (2.182)
with )
P(y) = Pv() +y"R (5 - y> , (2.183)
where
N1 N1k k
Pvy) =) ( k )y (2.184)
k=0

and R is an odd polynomial chosen such that P(y) > 0 for y € [0, 1].

The lemma provides a tool to characterize | H () |2. For the determination of the
scaling equation coefficients H () is needed instead. The proof of the following
lemma is constructive and describes how — so to say — the square root of | H ()| can
be drawn.

Lemma 2.8.2. Let
M
A= Z a, cosmw, ay € R (2.185)

m=0

be a positive trigonometric polynomial. Then there exist a polynomial
M
B@) =) bne™, by eR, (2.186)
m=0

such that |B(w)|* = A(w).
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Proof. 1. Since
m m m—2 2 n m—4 . 4
COSmw = COS w—<2)cos w SIn a)+<4)cos wsm ' w — - -,
it can be written

A(w) = pa(cosw),

with p4 being a polynomial of degree M. This polynomial has the product represen-
tation

M
pa@) =a[J-cp

j=1
where the zeros c; are either real or conjugate complex. On the other hand
M
A(w) = Z Ay, COS MW

—l’TlLU maw
+ e

=Z

— ele

M efz(m+M)a)+et(m7M)a)

2

m=0
— ethPA (efza))’

where P4 is a polynomial of degree 2M. Hence for [z]| = |e7'*| = 1 we have
pa(cosw) = A(w) = &M Py (™)

or

el(l) +e—l(1)
Pa(e™'?) = e_’waA(cos w)=¢e¢ ""pa (T) .

For z = e7'% it follows that
M

~1
Pa(z) =z al—[(z+z —cj> 1_[( cjz+1z)

2. If ¢j is real, then the zeros of ¢;(z) := ; ¢z + 2Z are ¢j = ,/6]2 — 1. For
|cj| = 1 the two zeros are real. Since

(cj+ cf—l)(c,-—JcJ?—l):c}—(c}_l)zl
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holds, these real zeros are of the form r;, rj_l. For |cj| < 1 these two zeros are

conjugate complex and of the absolute value 1, i.e. they are of the form ¢'?/, e™'%/. In
this case

M
1 1
Aly)) = eMig l_[ (5 —cje 'V + E(elyj)2> =0
j=1
holds, i.e., the y; are zeros of A.

3. If ¢; is not real the conjugate complex pair c;, ¢; is considered. The polynomial

@=(2—ceti2)(L-gzris
)@=\ 5 -zt z )5 -Gzt 5z

has four zeros: ¢; &= cjz —landc; £ Ejz — 1. Since

<Cj+ c?—l)(q—,/c?—l):c?—(c]g—l)zl,
G+y@-1)(a-yg-1)=-@-n=1

holds, the zeros form a quadruple z;, zj_] 2 2 Zj_l
4. As a preliminary summary, the following factorization of P4 is obtained:
1 J L
PAG) = Jau [[e-)e-z2pe—zHe-H ] [e—me—rh.

j=1 =1

5. For z = e¢7'“ holds

€7 = 2)(e™ = 2 = (71 — ) (e — ) (et — 2w — 25

= \/(2 —emozy !t —e1070)(2 — e710Z) — erwZy ')

_el®
— - (—2zpe™'® 4+ e—2w 1 Z(Z))

_e_lw _ _
x \/ ——(—2Z0€'® + 7} + €2)
20

1
= V(e — 202 ~ 20)?

1zol

= —le
|zo]

2

—lw __ ZOl .
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This relation can be used for a factorization of the polynomial A(w):
A(w) = |A(w)|
= |Pa(e™)|

J
am l_[(e—tw _ Zj)(e—la) _ Zj)(e—tw _ Zj—l)(e—lw _ Zj_l)
L
x| [T =me -
K 2
x ‘ l_[(eftw — ek (eTI0 — )
1 1
(_le—tw _ Z]| _|e—1(u _ Zj|2> ‘
Iz 121
K
’ 1_[ el _ rl)ZH l_l(e—tw — ek (¢TI0 — )
IVI balle
- [_' M'H |2 l_[ Irzl]

2

J
l_[(e—lw _ Zj)(e_lw . ZJ)
j=1

% ‘H(e—zw _elyk)(e—lw _e—l)/k)
J 1 L 1 712
SEChEnERI

% ‘ H(e—ta) — ek (eI — )
k=1

e nf
— (e —Vl)‘
1 Il

2
T —z) (e = Z))

2‘1—[ 1 (—ta) )‘2
— ("’ =] .
el ]

This means with

o= (i 1))

l_I(e—la) _ Zj)(e—lw _ Z])
j=1

L
x )]!j[l(e—lw . ezyk)(e—zw . e—l)/k) ‘E ﬁ(e—lw . rl)‘

we derive B2(w) = A(w). O

The proof of the theorem is constructive and provides an algorithm for the deter-
mination of H (w):
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1. Choose a degree N of regularity.

2. Construct the polynomial

N=1+k\
Py(y) = ( k ))’-

2

>~
Il
(=}

3. Find an odd polynomial R such that

1
P(y) :=Py(y) +y"R (5 - y) >0, yel0,1].

4. Compute
. L@
Alw) =P (sm —2>.

5. Find the polynomial p4 with A(w) = pa(cos w).
6. Find the zeros ¢; of pa(c).

7. For real ¢; with |¢j| > 1 denote the zeros of% —cjz+ %zz by rj, r]_l.

8. For real ¢; with |c;| < 1 denote the zeros of % —cjz+ %zz by e'i, e,

9. For conjugate complex zeros c;, ¢; denote the zeros of
1
(3 —¢jz+32) (3 - Gz +327)
T R —
by ZjsZj 5% -

10. Set
1 +e\N - e
no=(==) (3o Mge i) )

J
< [[Jee™ =z =zl x

K L
% | l_l(efza) — ek (eI — T IK) ‘l—[(eftw _ rl)‘-
k=1 =1
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Example 2.8.1. Inorder to illustrate this procedure, the simplest example N = 1 will
be discussed here. The polynomial P;(y) is given by

Pi(y) =1.

Since this polynomial is already non-negative, no other solution is needed:

P(y)=Pi(y) =1

This polynomial P is so simple that it is not necessary to apply the factorization
algorithm. The function H can be found directly. Following Theorem 2.8.1,

H(w) = <#) | P(sin? w)|?> = (#)

defines the scaling equation of an orthogonal scaling function of order N = 1. The
coefficients hj of this scaling equation are given by the Fourier series of H:

In other words, the scaling coefficients are

1
hozhlzﬁ.

Therefore the simplest orthogonal wavelet with compact support is the well-known
Haar wavelet.

This algorithm only generates the scaling coefficients /iy and g of the scaling func-
tion and the wavelet. How to find these functions themselves will be discussed later.
First of all we will illustrate the above mentioned algorithm for another examples of
Daubechies wavelets. The greatest disadvantage of the Haar wavelet is its irregularity.
Since the regularity increases with in creasing length N of the filters, the next possible
candidate will be N = 2.

Example 2.8.2 (Daubechies 4 wavelet). For N = 2 one obtains

P(y) = ((1)> + <%> y=142y.

Since P is already non-negative on [0, 1], the relation

P(y)=P(y)=1+2y
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follows. Consequently,
.o w
A@) = (1+2sin 7)

= (2 —cosw)

= <2 — %(e“‘) + e“"))

— ela)e*la) <2 _ %(eza) + ela)))

— '@ (2710 — l _ l€721w
2 2

elw

— _7(6—21(4) — 47 4 1)

= —S =2+ VIE - 2= V)

e 1 JA2
= e — 2+ V3
2 243

Since

1+e7'® 2

H(w)~( > )|A(w)|”2

is true, it follows that

1+e—lw)2 1 1

H(w) ~ <— — (e — 2+ 3))
¢ NN T

2
14e7'? 1 1

2
- < 2 ) V2 (/21 B 3
L 1 | 4 2e710 4 o2t
V22 +3)(1 - V3) 4
_ 1 1 [1+¢§+3+J§6_,w
202+ B0 -va L 4 4
+ #e‘z‘w + #6_3““} )

(€71 = /3) + (1 ++/3))

(e7'(1 —/3) + (1 4++/3))

The normalization condition
|H(@)]* + |H(o+m)|* =1
yields

H(w) =

L 1+\/§+3+\/§€_,w+3_\/§e_21w+l_ﬁe—fﬁw )
V2| 42 442 442 442
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A comparison of coefficients gives

1 1 1 1
ho = ——=(1 3), h =——=@ 3), hp = ——B—+V3), h3 = —(1—-+/3).
0 4f2(+f) | 4ﬁ<+f> ) 4ﬁ< V3), 3 4ﬁ((2£7))

The following table contains the scaling coefficients for Daubechies wavelets of
different orders.

order N | index n | scaling coefficient 4,
N=1 0 0.70710678119
1 0.70710678119
N=2 0 0.48296291314
1 0.83651630374
2 0.22414386804
3 —0.12940952255
N =3 0 0.33267055295
1 0.80689150931
2 0.45987750212
3 —0.13501102001
4 —0.08544127388
5 0.03522269189
N =4 0 0.23037781331
1 0.71484657055
2 0.63088076794
3 —0.02798376942
4 —0.18703481172
5 0.03084138184
6 0.03288301167
7 —0.01059740179

So far we have a procedure to construct the scaling coefficients 4y, g of an orthog-
onal compactly supported wavelet ¢ and its scaling function ¢. Now the questions
arises how do these function look like? One possible answer comes with the Mallat
algorithm. The inverse Mallat algorithm allows the reconstruction of a signal with
given wavelet coefficients.

Let ¥ € Wy. Since W C V_j the mother wavelet ¥ has the representation

v =Y e Vo ya).

keZ
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On the other hand, like any other element of V_y it also has the representation

1
Y@= Y Y a0 + Y e o)

m=—N keZ keZ
with
" =1, d™ =0 else, " =o0.

(=N)

With the help of the inverse Mallat algorithm the coefficients ¢ can be computed

recursively from the given coefficients d,im), c,El). Under certain circumstances, which

(=N)

will be discussed later, the coefficients ¢ are close to the sampled values

—Ny o, (=N)
Y2 V)~ cf

and in this way the mother wavelet and the scaling function respectively can be com-
puted pointwise. The scaling function ¢ and the wavelet i for the Daubechies wavelet
with four non-vanishing coefficients, computed with the above mentioned procedure,
are displayed in Figure 2.39 and Figure 2.40.

1.5

Cos //

Figure 2.39. Scaling function of Daubechies 4 wavelet

Obviously, the Daubechies 4 wavelet is rather irregular and the question arises, if for
an increasing number of coefficients the regularity increases. The following theorem
gives a positive answer to this question.
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Figure 2.40. Daubechies 4 wavelet

Theorem 2.8.3. Let ¢y and Yy be the scaling function and the wavelet with 2N
scaling coefficients. Then

Y, € H°, s <(InN)/4In2 (2.188)
holds.

Proof. [68]. O

The set H? is a so-called Sobolev space. Without going deeply into details, a rough
imagination can be given by the statement that H* contains all functions which are
s-times differentiable. Here the differentiation is meant in the generalized sense. This
means that the regularity of the wavelet increases indeed, but very slowly.

In some applications the regularity of the wavelet is not so important. Frequently

it is more important that the wavelet is orthogonal to all polynomials of maximum
degree N.

/x"gb(x)dx:O, n=0,...,N. (2.189)

R

Lemma 2.8.3. Let vy be the Daubechies wavelet with 2N scaling coefficients. Then
/x"lﬁN(x)dx=0, n=0,...,N—1. (2.190)
R

Proof. [68]. O
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2.8.2 Solution of scaling equations

In many cases the only knowledge about a scaling function ¢ is the sequence {h;} of
its scaling coefficients:

P(x) = thgo(Zx — k). (2.191)
keZ

It remains the question of how the scaling equation (2.191) can be solved for the
unknown scaling function ¢. Of course there is a larger number of possible solution
techniques, each of them with specific advantages and disadvantages. Here, only one
methods will be discussed. This method is

e particularly simple,
* well-suited to generate a graphical representation of the scaling function ¢.

The basic idea of this method is, torepresent ¢ € V withrespecttoabaseof V_,, D Vp:

px) =Y e M2 Pp"x — k). (2.192)
keZ

For increasing numbers of m the scaled and shifted version 2"/%¢ (2" x — k) ap-
proximates the delta distribution 8 (x — 27"k) better and better. Hence

PQ27Mk) = (8(x — 27k), p(x)) & (279 (2" x — k), p(x))
= (2" x — k), Y ey M2 Pp@"x — 1)

leZ
=) M@ x — k), 2" 22" x — 1))
leZ
= Z cl(_m)Sl,k
leZ
= c,((_m).

This means, for m large enough the unknown development coefficients ¢™™ can be

approximated by the sample values of the scaling function ¢ at the places x = 27"k.
Under certain circumstances it can be expected that the step-function

om(x) =Y e ™ xio12./m2"x — k) (2.193)
keZ

with x| p) being the indicator function of the interval [a, b]

1, x €la,b]

2.194
0, else ( )

Xla,p1(X) =
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converges to the scaling function ¢. The only question remaining is: How to compute

the development coefficients ckfm) ? For this purpose the inverse Mallat algorithm can
be used. Obviously

)= 0-px—k)+1-9x)+ Y 0-9(x—k
k<0 k>0
holds. Hence, setting
o) =k d” =0
and
D = HF O 4 GFgO = O

the scaling function can be represented with respect to a base of V_i:

) =Y o 272 x — k) + > 0272y 27k — k). (2.195)
keZ keZ

Iterating again,
P = H* D 4 GFdCY = gD, (2.196)

the coefficients ¢\ > of the representation of ¢ with respect to a base of V_, are
obtained. Consequently, after m steps of inverse Mallat algorithm the coefficients

c,(c_m) are obtained:

O — g (2.197)

The precise conditions which a sequence {/;} of scaling coefficients has to fulfill
in order to guarantee convergence are rather complicated. They will not be discussed
here. An intensive study of these coefficients can be found in [68].

Example 2.8.3. Asanexample for the convergence of this iteration process to the scal-
ing function and to the wavelets respectively, the scaling coefficients of the Daubechies
wavelet of order 6 will be used. The scaling coefficients are given in the following
table:

hy
0.3326705529500825
0.8068915093110924
0.4598775021184914
—0.1350110200102546
—0.0854412738820267
0.0352262918857095

D WO = O

With the help of these scaling coefficients the iteration was carried out up tom = 8. In
Figure 2.41 the elements ¢_4, ¢_5, ¢_g and ¥_4, ¥_s, _g respectively are shown.
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Figure 2.41. Iteration steps 4, 5 and 8 for scaling function ¢ (left) and wavelet i (right)

2.9 Wavelet bases on an interval

So far we have only considered MRAs on L3 (R), i.e. we only dealt with the representa-
tion of signals which are defined on the whole real axis. In practical applications there
is always only a finite registration length of a signal, meaning that only a signal defined
on a finite interval is available. For this reason, an MRA of L, ([0, 1]) is needed. One
very simple method is to take the scaling function ¢ and the wavelet ¢ of an MRA of
L, (R) and make them periodic:

Ghonl @) = Pua D, YRR =Y Y D, (2.199)

leZ leZ

Of course, this method is only applicable if both ¢ and i have a finite support.
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Lemma 2.9.1. For fixed m the scaling functions (pp riod nd the wavelets wpemd are
orthogonal to each other:

(@ Fﬂer};od wPeﬂOd> . (2.200)

Proof.

(hent R = (D a4 2. Y nax + )

PEZ qeZ
=D (Pmnx + )y Yk (x + )
PEL qel
=0. m|
The scaling spaces Vperlod and the wavelet spaces W,’,’leriod are now defined as the linear
span of the scaling functions gope riod and the wavelets 1//26’20(1, respectively:
VROl = spanfebn |0 < n < 211y, (2.201)
wheod = span{y B 10 < n < 21y, (2.202)

Lemma 2.9.2. The spaces V,Eeri()d form an MRA of L, ([0, 1]).

Proof. Let f € V,Eemd. Then with certain coefficients o the following representation
is valid:

2ml_1
(x) Z a perlod( )

2\"”—1

= 2w (X gmit+)
k=0 I
2ml_1

= > a (Y2 +h b))
k=0 I
2iml_1

- - (Z V23 hp2 @y 4 @7 - 2k — p)))
k=0 I peZ
P

— o - (Z thz*(mfl)/%o(z*(mfl)x + (27m+ll Y p))) —

k=0 | peZ
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Pl
Z Y Y hpm1 2k p (¥ +1)
I peZ
2bml—q
. hye period
= Z O‘kZ PPm—12k4p )
k=0 peZ
z\m 11 _ 1

Z perlod
'Bl Pm— ll

Consequently, f € Vrge_ri]o d holds, which leads to the hierarchical decomposition

(0} € - c VP c v c v oL La((0, 1)),
Additionally,

2ml_1

f@n = Z o - b (2x)

1 perlod
is valid. This means
f) e Vi o rx) e VI

These two conditions are the basic properties of an MRA. The proof of the remaining,
more technical conditions is left out. O
The scaling spaces V), °ri°d 2nd the wavelet spaces W},),eriOd inherit not only the MRA
property but also the orthogonality between scaling and wavelet space.

Lemma 2.9.3. For the scaling and wavelet spaces Vpemd, W,Eermd and for j <0

holds

Vperiod n ijeriod’ Vjpfrliod _ Vjperiod ® ijeriod' (2.203)

Proof. The relation VP! L WP follows immediately from (2.200).
_ Let f € L,[0, 1]. By extending this function with zeros outside [0, 1] a function
f € La(R) is generated:

r . f(x)a X € [07 1]
S0 = {0, x R\ [0, 1].
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On the other hand, a function g € L;(R) can be transformed into a function
gPeriod e L5([0, 1]) by setting

gl (x) =) " g(x +1).

leZ

Obviously, for an arbitrary f € L,([0, 1])
fperiod — f

holds. Now let f € V;. For its periodic equivalent holds

preriod () — Zf(x +10)

leZ

=Y figikx +1)

leZ keZ

= Z Tk Z‘Pj,k(x +1)

keZ leZ

iod
=) fighy @)
keZ

c VJ period .

In the same way f € W; = f period ¢ ijeri()d can be shown. For an arbitrary
f e 1/]Pfr11°d its extension f belongs to Vi_1. Due to the MRA properties of the
sequence {V;}, f can be decomposed in

f=Pf+0if. PifeV, QifeW,.

Finally, for f € V[ follows

f(x) — ]Fperiod(x)
— (ij)period + (Q] f)period
c Vjperiod ® ijeriod. 0

With the MRA properties also the fast wavelet decomposition and reconstruction
is carried over to the finite-interval case.

Lemma 2.9.4. Suppose

f=Y e/ VN e v (2.204)
k
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The function f has a unique decomposition
F=3 e+ 3 a e, (2.205)
k k

with the coefficients C,Ej), d,ij) related to C/Ej—l) by

)] (=D () G=1
% = Zhlcl-i-Zk RO Zglcl+2k ) (2.206)
! !
where the coefficients fulfill cl(i )2—1‘ = Cl(j ).

2.10 Two-dimensional wavelets

2.10.1 Continuous two-dimensional wavelets

As in the one-dimensional case, also in the two-dimensional case there are two kinds
of wavelet transforms: the continuous and the discrete wavelet transform. Follow-
ing the outline in the one-dimensional case, first the definition of a two-dimensional
wavelet will be given. Then the two-dimensional continuous wavelet transform will
be discussed before going to the two-dimensional discrete wavelet transform.

Definition 2.10.1. A function ¥ € L, (R?) is called a two-dimensional wavelet if it
fulfills the admissibility condition

7 2
0 <cy:= 4712/ W@ 4 < o, (2.207)
r2 [o|?

Similar to the one-dimensional case, also here some important conclusions about
the nature of a two-dimensional wavelet can be drawn from this definition. Obviously,

0=19(0) = L/ Y(x)e™ " F dx = L/ Y (x)dx (2.208)
2 Jr2 21 Jr2

must hold. This means that the function v has to oscillate in some way.

In the one-dimensional case the signal was compared to scaled and shifted versions
of the mother wavelet. In the two-dimensional case besides the translation the rotation
is an additional movement of the Euclidean plane. Therefore in the two-dimensional
case there are four wavelet parameters:

¢ the scale parameter a,
* the translation vector b = (b1, by) ",

e the rotation angle ¢
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Therefore, the scaled, shifted and rotated version of the two-dimensional mother-
wavelet ¥ is

1w (1RT(ﬁ><x —~ b)) ,
a a

with the rotation matrix R defined by

. (2.209)
sintt cosv

RW) = |:cos19 —sinﬁ:|.

Naturally, also in the two-dimensional case the wavelet transform is a comparison
of the signal with scaled, rotated and shifted versions of the mother-wavelet.

Definition 2.10.2. Let ¥y be a two-dimensional wavelet and let f € L>(R?). Then

cu —— 1 l l T _ .
W f}(a, O, b) = Rzaw<aR (@)(x b)) f(x)dx (2.210)

is called the two-dimensional continuous wavelet transform of f.

The two-dimensional wavelet transform measures the intensity of the signal com-
ponents at scales of the size a close to the location b, which have direction preference
of . If the two-dimensional continuous wavelet transform is used for example for
image analysis, not only the location of edges in the image can be detected but also
their orientations.

Surprisingly, the inverse two-dimensional wavelet transform requires only a single
integration over all scales a and all rotations . An integration over the translation can
be omitted.

Lemma 2.10.1. Let y be a two-dimensional wavelet and let f € L,(R?). Let their

Fourier transforms 1} and f be integrable. Then

21
VAL

fx) =

27 00
/ / W fHa, 9, b)d—;l dd. 2.211)
0 0 a
Proof. [68]. m]

Example 2.10.1. The simplest way to construct a two-dimensional wavelet is the
tensor product of two one-dimensional wavelets :

V(x1, x2) = ¥ (x1) - ¥(x2). (2.212)
Since . . .
VY (w1, @) = Y(w) Y (w2)

and the inequality
2
loll” = 2| ||w:|
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is valid, for the admissibility condition it can be concluded that

7 2 7 2 7 2
, 1
/ W(wlzwzz)l do < & ¥ (@)l do ¥ (w2)] doy
r2 o 2Jr ot R o]
<l
= 2.213
82 ( )
< 00.

If the rotation parameter ¢ and the scale parameter a are arbitrary but fixed, for
the numerical implementation of the two-dimensional wavelet transformation the FFT
method can be used. Let

Yy (x) == Y (=R " (D)x). (2.214)
Then the wavelet transformation can be expressed as a convolution:
1 1

1T
e S EI/I (;R (ﬁ)(x—b)>'f(x)dx

1 1 1
= )" (—5<x—b>> fx) dx

1 1
- = (f - (5» (b) (2.215)

22

_27ra s 7 R
= 7 T @@,

For the computation of the spectra f and ¥y FFT can be efficiently used.

W (a, 0, b) =

2.10.2 Discrete two-dimensional wavelets

One of the main application field of wavelets is image processing. Since images are
two-dimensional data, they can only be analyzed by two-dimensional wavelets. The
construction of two-dimensional wavelets is the straightforward generalization of the
construction of one-dimensional wavelets.

It starts with a two-dimensional MRA.

Definition 2.10.3. A nested sequence
0}Cc---cVacViCcVyCVoyCoo C LayRY) (2.216)

of closed subsets V,, C L, (R?) is called a multi-resolution analysis (MRA) of Lr(R?),
if the following four statements hold:

@)

U Vi = La@®). (2.217)

mez
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(ii)
[ Vi = (O}. (2.218)
mez
(iii)
f() eV, & f(A™) €V, Aaregular?2 x 2 matrix. (2.219)

(iv) There is a function ¢ € L>(R?)with

Vo = span{p(- — k) | k € Z?} (2.220)

and

2
(Y ds|Savesfl <a¥d 0cnn e
Y| D apt—ih LZSBch 0<A,B (2.221)
keZ? keZ? keZ?

for all {cx ez € L(Z2).

The matrix A is called dilatation matrix. As in the one-dimensional case, the space
Vo can be decomposed into its smoothed version V| and the orthogonal complement
Wi of Vi in Vj:
Vo=V & W;.
In contrast to the one-dimensional case the orthogonal complement is not spanned
any longer by a single function ¥ but by | det(A)| — 1 independent functions.

Theorem 2.10.1. Let {V,,} ez be an MRA with the dilatation matrix A. Then there
are | det(A) — 1| wavelets

YD @ g det@I=h ¢y (2.222)

which span a CONS ? of the orthogonal complement of Vo in V_1.
In other words

(W) = | det(A)[ T2y DA™ x—k) | j=1,..., |det(A)|~1,m € .k € Z*)
(2.223)

is a CONS of L>(R?).

Proof. [73]. m]

A natural choice for the dilatation matrix is

20
A= (0 2) , (2.224)

2Complete orthonormal system, see Definition A.2.5 on p. 224
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i.e. a dilatation in each coordinate direction by the factor 2. Since |det(A)| = 4,
there are three independent wavelets ¢ (1?43 The simplest way to find these
two-dimensional wavelets is to form the tensor products from their one-dimensional
counterparts.

Lemma 2.10.2. Let ¢ be an orthogonal scaling function and let r be the correspond-
ing wavelet. Then

p(x) = @(x1) - p(x2) (2.225)

is the two-dimensional scaling function, and the functions

v D@ =y ek, ¥P0) =p@)y @), vOE) =yE)Yx) (2.226)
are the two-dimensional wavelets belonging to the dilatation matrix (2.224).
Proof. [68]. O

Let us now consider the Mallat algorithm for two-dimensional tensor wavelets.
The scaling equations for the two-dimensional wavelets can be derived from their
one-dimensional counterparts.

p(x) = p(xe(x2)

=V2 ) hieQ@xi — ki) x V2 ) hie2x; — ko) (2.227)
k1€Z ko €Z
=2 Y hihue(Ax — (ki k).
(ky,kp)eZ?

v @) =y
=V2 )" gie@xi —k) x V2 Y hiye2x; — ko) (2.228)

k1€EZ ko €Z
=2 > gihe(Ax — (k1 k).
(k1,k2)€Z?

V) = ey ()
=V2) he@a—k) x V2 ) ge@un—k)  (2229)

k1€EZ ko€Z

=2 Y i ge(Ax — (ki, k).
(ky.k2)€Z?
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YO (@) = Y ()Y (x2)
=V2 ) gie@u — k) x V2 ) 8020 — k) (2.230)

ki€Z ko €Z
=2 > gngue(Ax — (k. k).
(k1,k2)€Z?

With the help of these scaling equations the decomposition of Vj into V; and its
orthogonal complement can be described. Let f € Vy and k = (k1, k2), 1 = ({1, o).
Then

f) =" coxpx —k) (2.231)

keZ?

holds. The coefficients on the next coarser scale can be computed by

co.k = (fs o.k)

=Y 2,y (f. 9(Ax — Ak — 1)
lez?

=Y hihiy (f. 01 2k 41,01 2k t1) (2.232)
lez?

= Z hi,—2k, Z hiy—2k; (f, 0—1,1,9-1,1)
LeZ heZ

= hy o Y hp-akco1.
LEeZL heZ

The same argumentation can be applied to ¥ #, leading to the final results

0.k = Z hiy 2k, Z hi,—2k,¢-1.1, (2.233)
L eZ hLeZ
d(g,ll)c = Z 811—2k Z hiy—2k,¢-11, (2.234)
heZ heZ
2
Ay =Y i 2k Y 8h-2ksC 11, (2.235)
LEZL heZ
3
A=Y 82k Y 8h-2aC 11 (2.236)
L eZ heZ

If the coefficients cg x are considered as a two-dimensional array of real numbers,

the coefficients ¢y g, dfl,)c, d{zl)(, dﬁ)c on the next coarser scale are the result of the

column- and row-wise application of the one-dimensional operators H and G. If we
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define

(HRC)ky ky i= thZkzckl,l, (2.237)
leZ

(HcOky ky = Zhl—Zkl Cliky s (2.238)
leZ

(GROky ky = Zgl—ZkZCkl,l, (2.239)
leZ

(GO ky = Zngzkla,kz, (2.240)
leZ

the two-dimensional Mallat algorithm can be written as

co = HgHce—y,  d\" = GrHce_y (2.241)
d¥ = HrGeey, dfY = GrGee_y. (2.242)

For a finite set of coefficients c_; the new coefficients cg, d(()l), d(gz)’ dé3) can be stored
in the place of the old coefficients. This is shown in Figure 2.42.

CO el

c-1

() ©)
dO dO

Figure 2.42. One step of two-dimensional Mallat algorithm

In a second step co can be decomposed into cy, dl(l), d1(2)’ dl(3) and these coefficients
can be stored in the place of ¢ as it is shown in Figure 2.43.

Example 2.10.2. In order to demonstrate the effect of the two dimensional Mallat
algorithm, the gray-values of the Lena-image 2.44 are considered as the c¢¥) coefficients
of an input signal.

The results of the first two steps of Mallat’s algorithm are displayed in Figure 2.45.
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dl

(1)
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(3)
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0
dO
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Figure 2.43. Second step of two-dimensional Mallat algorithm

Figure 2.45. Results of the first (left) and the second (right) step of Mallat’s algorithm

3)
dO

Figure 2.44. Test image
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It is visible that the cq coefficients give a smoothed version of the original picture.
The dél) and d(gz) coefficients contain the diagonal elements of the picture and finally

the d(§3) coefficients give the remaining smaller-scale content of the picture.

2.11 Wavelets on a sphere

2.11.1 Harmonic wavelets

Spherical Harmonics. Here, first some compact notations related to spherical har-
monics on and outside the unit sphere o will be introduced. Recalling the definition
of a fully normalized surface spherical harmonics given in (A.60), we have

- 1 P(‘mb(cos ¥)cos(mr), m=>0
Yim (0, ) == | ————— —n(‘m|) . - (2.243)
(14 680n) | Py Y (cos ) sin(jm|r), m <O.

The first index 7 is called the degree and the second index m is called the order of the
fully normalized surface spherical harmonic Y,,,,.

The fully normalized surface spherical harmonics are closely related to the har-
monic functions outside the unit sphere. This relationship will be discussed later. For
the time being this postulated relationship will only give a motivation for the denotation
of the span of all surface spherical harmonics of the same degree n as Harm,,.

Definition 2.11.1. The span of all surface spherical harmonics Y},,, of the same degree
n is called Harm,,:

Harm,, := span{Y,,, | m = —n, ..., n}. (2.244)
The direct sum of all spaces Harmy for k = p, ..., g will be denoted by Harm,, ...
q
Harm, , = @Harmk . (2.245)
k=p

Legendre polynomials are special cases of the associated Legendre functions de-
fined in (A.51):
Py(t) := PO (). (2.246)

The fully normalized surface spherical harmonics are closely related to the Legendre
polynomials by the addition theorem:

Theorem 2.11.1 (Addition theorem of spherical harmonics). Let& andn be two points
on the unit sphere o. Then the following relation is true:

2n+1
4

3" T ) Vo () = P.(E ). (2.247)

m=—n
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Proof. [27]. O

Now the already mentioned relationship between the surface spherical harmonics
and the harmonic functions will be addressed.

Definition 2.11.2. Let x € R? \ o be a point in the exterior of the unit sphere. The
functions

— X
Hy o (x) = x| Yom (m) (2.248)

are called spherical harmonics of degree n and order m.

Lemma 2.11.1. The spherical harmonics are harmonic outside the unit sphere.

Proof. [27]. O

Obviously, the spherical harmonics are the harmonic continuations of the corre-
sponding surface spherical harmonics using the Poisson integral. Let Pot(o) be the
set of all harmonic functions f, which are regular at infinity, i.e. which fulfill

lim f(x)=0. (2.249)
|x|—o00
Then
Pot(o) = span ,—0.1,.. Hym. (2.250)

In plain words (2.250) means that every harmonic function has a unique series expan-
sion

FE =" fumHum®). (2.251)

n=0m=-—n

Correspondingly, let us denote the set of all infinitely often differentiable harmonic
functions, which are regular at infinity by Pot(®>® (o).

Sobolev spaces. In many cases only such harmonic functions are important, which
have special spectral properties. Since the relationship between harmonic functions
and their traces on the surface of the unit sphere are unique, the spectral behavior of a
harmonic function is completely defined by the spectral behavior of its trace. Sobolev
spaces collect all functions with traces of a certain spectral decay.

Let {A,} be a sequence of positive real numbers and let f, g € Pot® (). Then
f. g have series expansions according to (2.251). Suppose now that the coefficients
Jn.m> &n.m of these expansions fulfill

o 0o n
YN finAr<oo, >N er, Al < oo (2.252)

n=0m=—n n=0m=—n
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Then

o n
=2 D Aifamsum (2.253)

n=0m=—n
defines a scalar product in Pot(® (o). The corresponding norm is
5 o \1/2
If1 = (Z Z A (2.254)
n=0m=—n

Let §({A,}) be the subset of all f which have a finite norm:
E({Ax}) :={f € Pot™ (o) | I f]| < oo}. (2.255)

Definition 2.11.3. The Sobolev space #({A,}, o) is the completion of &({A,}) under
the norm (2.254).

An intuitive but very unprecise interpretation of a Sobolev space is that this space
consists of all harmonic functions with series development coefficients decaying faster
than A;; I'for n — oo. This means the membership to a Sobolev space is restricted to
functions which have a certain decay of their short wavelength spectrum.

Definition 2.11.4. Let {A,} be a sequence of positive real numbers fulfilling

o0
2 1
St o (2.256)
4
n=0
then
Kgea,(x.y) = ZA - Z Hy i (%) Hy i () (2.257)
m=—n

is called a reproducing kernel of #({A,}, o).

The name reproducing kernel is motivated by the property

o]

(Kge.a,(x,9), [) = Z AX (A2 Hy () fo.m)

n=0m=—n

= f(x).

Example 2.11.1. Here, some examples for reproducing kernels are given.
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Shannon kernel. The Shannon kernel is characterized by the following setting of
the weight coefficients Aj:

n -—

{1’ O=n<M (2.258)

0, M<n<oo.

Due to this particular definition of the weight coefficients, a closed expression for the
Shannon kernel can be found:

M—1 n
Kgea,x.9) =Y > Hym(X)Hym(y)

n=0 m=—n

M—1 n
Cn_ - X\ - y
= > (xllyD™" Y Yum (—) Yo (—) (2.259)
n=0 m=—n x| M
M—1
2 1 T
= Y (et g, (22
4 x| |yl
n=0 y

Using the well-known recurrence relation for Legendre polynomials,
(n+ D[Pag1(t) — Py(0)] = n[Pn(t) — Pa—1()] = Cn + D(t — D Pu(2), (2.260)

for |[x| = |y| = 1 the closed expression

xTy M xTy xTy
= (20 B (2T 2) (22
x| |yl 4 x| |yl lx| [yl
(2.261)
is found. Figure 2.46 shows the Shannon kernel for M = 16 and M = 32.
Abel-Poisson kernel. For the Abel-Poisson kernel the weights are equal to the
elements of a converging geometrical sequence

A, =p", 0<p<l.

The series expansion of the Abel-Poisson kernel is

o0 n
o 2n 41 xT y
Ky a,(x,y) = P, (— — . (2.262)
,,Z:(:) (xlyp™t dm " ] 1yl
For |x| = |y| = 1 also this series has a closed expression, the kernel of the Abel-
Poisson integral formula
1 1 — p?
Kyoa,(x,y) = — 73 (2.263)

4 (1 +p2 — szTy)

The Abel-Poisson kernel and the corresponding weight sequence for the values p = 0.7
and p = 0.9 are shown in Figure 2.47.
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Figure 2.46. Shannon kernels for M = 16 and M = 32

Harmonic wavelets. Now all preparing steps have been taken to give the definition
of a harmonic wavelet on the sphere. As in the Euclidean case the definition of a
harmonic wavelet on the sphere starts with an MRA of #({A,}, o).

Definition 2.11.5. The subsets V; C #({A,}, o) defined by

Vi= P Harm, =Harm, _,; (2.264)

.....

0<n<2J
are called scaling spaces. The spaces W; defined by
W, =Vi,10V; (2.265)
are called detail spaces.
Obviously, the scaling spaces are nested

VocVic--CVC--- (2.266)
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Figure 2.47. Weights A, and Abel-Poisson kernel K for p = 0.7 and p = 0.9
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and the detail space W; is the complement of V; in V;:
Vipi=V, @& W,. (2.267)

In addition, the following equation holds:

Vi = #d44). 0). (2.268)
jeN

These properties are quite similar to the MRA in the Euclidean case. For this
reason the nested sequence {V;} is also called an MRA of #({A,}, o).

Some properties which are expected from the Euclidean case cannot be carried
over directly, since the operations scaling and shifting have a different meaning in
the spherical case. Therefore it has to be discussed now what is to be understood by
translation and by dilatation in the spherical case.

For this purpose the following sequences of kernel functions will be considered:

27 n

Dj(x.y) =Y AT D" Hyw(X)Hym (), (2.269)
n=0 m=—n
2J+1 n

Wi, y) =Y A2 Y Hym(X) Hym(9). (2.270)
n=2J m=-—n

For these kernel functions the dilatation operator £; can be defined easily by

Dyjoj(x,y) =P (x,y), Dy¥Yx,y) :=V1sx,y). (2.271)

In order to be able to define a shifting operator, a relationship between the kernel
functions ®;(x, y), ¥;(x, y) and a point y/|y| on the sphere has to be established.
The neatest way to do this is to fix one argument of the kernel functions to y:

D (o) i=Dj(e, ), Wjy(e) =W, y). (2.272)
Now the translation operator can be defined quite naturally by
By Dj(e,0) i= D@ y(0), By, o) i =W y(v). (2.273)

The function ®q (s, «) is called the mother scaling function and the function W (s, )
the mother wavelet. By the combination of the translation and the dilatation operator
scaled and shifted versions of the mother functions can be generated:

8y DjDp(e,¢) = Dj y(s, ), E,DjWo(s,¢) =¥ (e, ¥). (2.274)

In this way quite a number of similarities between the MRA in the Euclidean space
and on the sphere have been established. Only the scaling property

f()eVie f(20) € Vi (2.275)
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is not valid in the spherical case. Since this scaling property is the key to the algorithms
of fast wavelet transform, on the sphere an analog of Mallat’s algorithm cannot be
found.

Example 2.11.2. As an example the scaling function and the wavelet will be con-
structed for Sobolev spaces based on the Shannon and the Abel-Poisson kernel, re-
spectively.

Shannon kernel. For the Shannon kernel the scaling function ®; is given by

min{2/,M—1} 41 xT y
Gy = Y (el g, (— —> (2.276)
—0 4r x| |yl
and the wavelet ¥; by
min{2/*t! M—1}
—p12n+1 xTy
W(x, y) = (xelyh 2 p (- —>. 2.277)
’ 2 ar " \xl Iyl

min{2/,M—1)}

For j = 4 both functions are shown in Figure 2.48.

16
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T

r=x'y

20

5
0.5 055 0.6 0.65 0.7 0.75 0.8 0.85 0.9 095 1
r=x'y

Figure 2.48. Shannon scaling function ®; and wavelet W; for the scale j = 4
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Abel-Poisson kernel. For the Abel-Poisson kernel the scaling function ®; is given
by

2J
_a_12n+1 xTy
j(x,y) =D p"(xllyD ™" = — Py (— —) (2.278)
~ 7 x| 1yl

and the wavelet ¥; by

2J+l1
o 2n+1 xTy
Wi, y) =) p"(xllyD ™ T = =P (— —>. (2.279)
ot n x| 1yl

For the value p = 0.7 both the scaling function and the wavelet are shown in Fig-
ure 2.49.

05 055 0.6 0.65 0.7 0.75 0.8 0.85 0.9 095 1
r=x'y

o L
0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
r=xly

Figure 2.49. Abel-Poisson scaling function ®; and wavelet W; for the scale j = 4

Spherical wavelet transform. The spherical wavelet transform aims at a decom-
position of a scalar function, defined in the exterior of the unit sphere, into parts,
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where every part represents a certain frequency band in the function. As in the Eu-
clidean case the wavelet transformation is carried out by comparing the given signal
f € #({A,}, o) with the scaled and shifted versions W; , of a particular wavelet.

Definition 2.11.6. Let f € #({A,}, o) and let W be the wavelet belonging to an
MRA of #({A,}, o). The function

WT) (. y) =¥y, f) (2.280)

is called scale discrete spherical wavelet transform of f.

The value (WT) f(j, y) indicates the amount of energy, which is contained in the
signal f in a neighborhood of the point y € o and on the scale j. The scale j contains
all spherical harmonics of the order 2/ 4 1 to 2/+!. This wavelet transform is invertible
as it is shown in the following lemma.

Lemma 2.11.2. Let f € H({A,},0) andlet (WT) f(j, y) beits scale discrete spher-
ical wavelet transform. Then the following reconstruction formula is valid:

o0

FO) = (Wilx, ), (WT)f(j,*). (2.281)

j=0

Proof. Let f € #({A,},0). Then f has a spherical harmonics expansion

fx) = Z Z Srm Hym (X)

n=0m=—n
with
o0 n
2 2
PIVTD A
n=0 m=—n
The wavelet W; y(x) has a spherical harmonics expansion as well:

21

"Ijjv}’(x) = Z Z Wy m Hym (%),

n=2J m=—n
with
\Ijn,m = A;an,m (y)
Consequently, the wavelet transform (WT) f(j, y) has the series expansion

2/t

WD) Gy =Y Y famHum().

n=2i m=—n
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Inserting this into the reconstruction formula (2.281) yields

00 oo 20Tl g 20y
Z(qjj(x’ ), (WT)f(j,*) = Z< Z Z Wi m Hpms Z Z fl),/LHl),[L>
Jj=0 Jj=0 np=2jm=-—n v=2J p==v

o 20t g

= Z< Z Z A;an,M(x)Hn,m(‘)y

Jj=0 p=2im=-n
2/+1 v
S 3 o)
=2/ p=—V

oo 2/t p

= Z Z Z fn,mHn,m(x)

J=0 n=2j m=—n

:Z Z Srom Hym ()

n=0m=—n
= f(x). O
The scale discrete spherical wavelet transform is closely related to an MRA of
FH({A,}, o) since
WT)f(j,) € W;. (2.282)

In contrast to the Euclidean case the spherical wavelet decomposition follows the
scheme displayed in Figure 2.50.

(W2, )
(W3, )

Wi

W
W» 3

Figure 2.50. Schematic view of the spherical wavelet decomposition

Instead of being recursive, in the spherical case each decomposition step hast to
start from the original signal f. The reason for this non-recursive character of the
spherical wavelet decomposition is the absence of a scaling relation (2.275) between
two consecutive scaling spaces.



2.11 Wavelets on a sphere 121

Example 2.11.3. In order to give a certain feeling for the effect of the spherical
wavelet transform, the so-called disturbing potential T of the Earth will be subjected
to such a transformation. The potential of the gravity field of the Earth is usually
denoted by W. Since the potential W is very irregular a model U is often used as
an approximation for W. The function U is the potential of a homogeneous ellipsoid
having the same mass as the Earth and being in an hydrostatic equilibrium. The model
potential U is called normal potential and can be expressed by a simple formula. The
disturbing potential T is defined as the difference between the actual potential W and
the normal potential U:

T:=W-U. (2.283)

Since, both W and U contain the centrifugal potential the difference T is harmonic
and can therefore be analyzed by harmonic wavelets.

As input data the EGM96 model for the disturbing potential T is used. The so-
called geoid undulations, i.e. the values

T
Ni=— (2.284)
VU

are computed based on the EGM96 model and displayed in Figure 2.51, in the upper
left corner. For the wavelet analysis of the geoid undulation field N the Shannon kernel
for M = 360 is used. The field N is analyzed on the scales 3, 5, 7. The results of
the wavelet transforms on these scales are displayed in Figure 2.51 from top right to
bottom right.

As a rough estimate it can be said that the scale J corresponds to details in the
signal with a size between 4 - 10*/2/ 1 kmto 4 - 10% /27 km, as it is given in Table 2.1.

Table 2.1. Scale dependent detail sizes

Scale J  detail size [km]
1 20 000-40 000
2 10 000-20 000
3 5000-10000
4 2 500-5 000
5 1250-2 500
6 625-1250
7 312-625

Figure 2.51 shows clearly that the spherical wavelet analysis is a filter bank return-
ing on the scale J only features of the original signal with sizes between 4-10% /27! km
and 4 - 10*/27 km.
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Figure 2.51. MRA of the Earth’s gravitational field. From top left to bottom right: complete
field, scales 3, 5, 7

Basically, in the simple form presented here, the spherical wavelet analysis is a
method for a sub-band coding of a signal given on the sphere. Though this is very useful
for many practical problems, the general acceptance in the geo-scientific community
is still pending. The main obstacle for the application of spherical wavelet techniques
is the lack of numerical algorithms, which have an efficiency comparable to Mallat’s
algorithm in the Euclidean case.

The spherical wavelet theory was mainly developed by the Geomathematics Group
of the University in Kaiserslautern. It reaches far beyond the ideas and techniques
explained here. Profound references to the theory of spherical wavelets are [27], or
[22]. The applicability of the spherical wavelet technique to geodetic problems has
been discussed in a larger number of papers. The publications [16] and [17] deal with
the approximation of data given on the sphere. The recovery of the Earth’s gravity field
from terrestrial and satellite observations by means of spherical wavelets is treated in
the papers [35], [37] and [36].
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2.11.2 Triangulation based wavelets

Classically, wavelet constructions have been employed in Euclidean spaces (the real
line R or the plane R?). Since most data are given on a finite interval or a finite
rectangle the wavelet theory has been extended to wavelets on an interval.

However, the underlying geometry is still Euclidean. The wavelet theory on curved
surfaces is still at its beginning. Besides the spherical wavelets, which make a special
use of the spherical harmonics expansion on the sphere, here a different technique,
based on a uniform approximation of the sphere by regular polyhedra will be presented.

In the classical setting wavelets are built with the help of a scaling functions.
Both wavelets and scaling functions fulfill so-called scaling equations, i.e. wavelet
and scaling functions on a certain scale j can be expressed as linear combinations of
the same scaling function on the next finer level j — 1. As in the Euclidean case also
for the sphere the wavelet will be derived from a multi-resolution analysis (MRA).

Definition 2.11.7. Let L; (o) be the Hilbert space of all square integrable functions on
the unit sphere o. A nested sequence of closed subspaces V; is called a multi-resolution
analysis (MRA) of L (o), if

{0}Cc---CVip1CViCVjo1 C-- C La(o), (2.285)
Vi = La(o) (2.286)
JEZL

holds and for each j scaling functions ¢; , k € K (j) exist, such that
span{g;; | k € X(j)} =V, (2.287)
is valid and for the index sets K ()
K(G) CK(G=1) (2.288)

holds.

In contrast to the classical case the scaling functions ¢; x do not have to be translates
of one particular mother function ¢;. Relation (2.285) implies the existence of scaling
coefficients £;  ; such that

Yjk = Z hjki9i-1 (2.289)
leX(j—1)

is valid. As in the Euclidean case the wavelets code the difference between the signal
representation on two consecutive resolution levels. In more detail: Wavelets are base
function of the wavelet spaces W;, which themselves are defined as the orthogonal
complement of V; in V;_y:

VieW; =V, . (2.290)
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Definition 2.11.8. Consider the set of functions
Wi={YjmlJjecz,meM() (2.291)
where M(j) C K (j — 1) is an index set again. If
1. Wisabase of L(0) and
2. the set {Y ,, | m € M(j)} is a base of W,

then the functions v/; , are called a spherical wavelet base.
Since W; C V;_ there have to exist coefficients g; ,, ; with
Vim= Y. &mi@i-11.m € M()). (2.292)
leX(j—1

So far the orthogonality of the wavelet has not been mentioned. In fact it is difficult or
even impossible to construct orthogonal wavelets on the sphere with a support smaller
than the whole surface of the sphere. Therefore our considerations will be restricted
to biorthogonal wavelets on the sphere.

The dual scaling functions ¢y ,, are defined by the condition

(@j.ks §j1) = k.1 (2.293)

For a dual scaling function the scaling equation

Gk= > hjxi@i-1 (2.294)
leX(j—1)

holds. Additionally, for a given set of spherical wavelets v; ; there exist dual wavelets
1},1, m» which are biorthogonal to each other,

Wik Ynam) = 8j.nSk.m.- (2.295)

This implies (&/,k, ©n,m) = (¥j .k, @n,m) = 0. The essence of biorthogonality is the
use of dual bases for the decomposition and for the reconstruction of a signal f:

£=) i OVjm = > Wjoms F)Vjum- (2.296)
J.m j.m
Once the scaling coefficients i;;; and gj ,; are given, an analog of Mallat’s

algorithm can be constructed. Let

e = (f, k) (2.297)

be the Fourier coefficients of a signal f with respect to the base of the scaling space V.

The Fourier coefficients c,(c"H) of the projection P, f into the coarser space V1



2.11 Wavelets on a sphere 125

and the Fourier coefficients d,E"H) of the projection 9,41 f of f into the difference
space W, can be computed recursively according to

"= 3" e, (2.298)
leX (n)

A" = 3 g (2.299)
leX (n)

The reconstruction step then is as follows:
1 1
= > hapieae™V+ > gnpread . (2.300)
leX (n+1) leX (n+1)

In order to get a clearer picture of the situation, a simple example of biorthogonal
wavelets will be given now.

Example 2.11.4. In preparation of the construction of biorthogonal wavelets on the
sphere biorthogonal wavelets on the real line, which are related to the Haar wavelet
will be discussed here. Suppose

©jk(X) = Xpik2ik4+2i1(%)s (2.301)

where x s is the characteristic function of the set M, are the primal scaling functions.
Obviously, the dual scaling functions are

1

@il = EX[zjk,zijrzj](x), (2.302)

which leads to the orthogonality condition
(@1 Pjm) = S1m-
It is not difficult to see that the primal wavelets are
Vi (X) = @j—1,26(X) = @j—1,2k+1, (2.303)

and the dual wavelets are

Vi) = @j—1,2k(x) = Gj—1,26+1- (2.304)
Both, the primal and the dual scaling function and the primal and dual wavelet are
shown in Figure 2.52.
Evidently, the scaling coefficients are
hjko=hjx1 =1 gro=1 gk =-1, (2.305)
hixo=hjx1=1, gro=1 &ui1=—1 (2.306)

All other coefficients are equal to zero.
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Figure 2.52. Primal scaling function and wavelet (top); dual scaling function and wavelet
(bottom)

Haar wavelets on the sphere. This simple example is the starting point for the
construction of a Haar wavelet base on the sphere. In order to achieve this, a nested
sequence of triangulation of the sphere is necessary. The construction of such a nested
sequence starts from a subdivision of the sphere into four spherical triangles, as it is
indicated in Figure 2.53, where one of the four spherical triangles is marked by solid
lines.

To generate the next finer grid, the midpoints of each side of each triangle are
connected by lines. In this way each triangle is divided in four smaller triangles, as it
is shown in Figure 2.54.

So in each refinement level j the surface of the sphere o is the union of the triangles
Tj

o= J T (2.307)
ke X (j)

For each j and k the triangle Tj x is the union of four child triangles T; 1 ;:

3
Tiw=|JT-11. (2.308)
=0
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Figure 2.53. Subdivision of the sphere into four spherical triangles

Figure 2.54. Refinement of the subdivision of the sphere

On a certain level j the spherical Haar scaling functions ¢;  are defined as
ik = XTjx (2.309)

with x being the characteristic function of the triangle Tj ;. Then the dual scaling
function ¢;  is

1
w(Tj k)

where (7 i) is the Lebesgue measure of the triangle 7} ;. In Figure 2.55 a spherical
Haar scaling function and its dual are displayed.

For each spherical Haar scaling function ¢; ; there are three independent spherical
Haar wavelets defined by

Pjk = XTjs (2.310)

i = 2(pmim — 2 gm0), m=1,2,3, @311)
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@ik
Pj.k

Figure 2.55. Spherical Haar scaling function and its dual.

with /; ; being the integral of the scaling function

= / @jkdo = u(Tj k). (2.312)
o

In Figure 2.56 the spherical Haar scaling function ¢; x and one of the corresponding
spherical Haar wavelets w]‘(? are displayed.

Figure 2.56. Spherical Haar scaling function and one of its spherical Haar wavelets

Quite similar the dual spherical Haar wavelet is defined by

~(m 1 . B
Vi = 5 @oim = G0, m =123, (2.313)

In Figure 2.57 the dual spherical Haar scaling function ¢; x and one of the correspond-

ing dual spherical Haar wavelets 1};’:) are shown.
Obviously, the following relations are true

(@) ks @j1) = k.1,
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Pjk

Figure 2.57. Dual spherical Haar scaling function and one of its dual spherical Haar wavelets

n o7 Dy
0 FA0) = B - 0 1)

li—1,1 - -
8j,n0k,m <<§0j—1,l - Ij~ 10%‘—1,0) (@j—1,p — </)j,k)> (2.314)
-1,

- ~ i1,
8j.n0k,m ((%’1,1, ©i-1,p) —{@j—1,1, Pj.k) + 4

Ii—10
Lo Ii—1y Ij—l,O)
w(Tix)  Li—1,0 u(Tjk)

(®j—1,0s @j,k))

= 8j,n3k,m (51,17 -
= 8j,n8k,m81,p,

! li—11
{9k 1/fj(,;2) = <90j,k, Pj-11— I] (Pj—],0>
j—1.0

—1Ii 1,0 (2.315)
,0

and

- ~ (1 - - -
(783 lﬁj(,;z) =Pk @j—1.1 — Pjk)

1 1
= (@ ks Vj—11) =~ @)k Pjk)
w(TOpu(Ti—r ) (T )2
__ kT prTe) 2.316)
w(Tiom(Tj—1)  w(Tjx)? '

=0.

Hence the functions ¢; x, wj(l,z. @ ks 1/~/].(l,z indeed form a biorthogonal wavelet base
on the sphere.
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More information about triangulation based wavelets on the sphere and their ap-
plications in Geosciences and Computer vision can be found in [92] and [100].



3 Applications

3.1 Pattern recognition

3.1.1 Polar motion

The rotation axis of the Earth is neither fixed in inertial space nor is it with respect to
the Earth’s body. The gravitative forces of the Sun and Moon acting on the equatorial
bulge of the Earth are changing the orientation of the rotation axis in inertial space.
These changes are called precession and nutation and can be predicted with a very
high accuracy.

Additionally, there is a small movement of the Earth’s rotation axis with respect to
its crust, which is called polar motion. Both nutation and polar motion are the super-
position of Earth’s response to external forces and free nutation of the Earth. Nutation
is primarily the forced response of the Earth and can be predicted by geophysical and
orbital models. The polar motion represents the forced and the free response of the
Earth to external forces in almost equal parts. Again, the forced part can be predicted
but the free part can only be determined by Space Geodesy methods. Moon and Sun
and the planets exert gravitational forces on the equatorial bulge. Since the rotating
Earth behaves like a gyro, it reacts to these forces by a clockwise movement of its
rotation axis. This movement consist of two constituents:

* precession,

e nutation.

Definition 3.1.1. Luni-solar precession is the circular motion of the celestial pole with
aperiod of 25 800 years and an amplitude equal to the obliquity of the ecliptic of 23°.5.
The precession causes a westerly movement of the equinox of about 50”.3 per year.

Planetary precession consist of a 0°.5 per year rotation of the ecliptic resulting in
an easterly motion of the equinox by about 12”.5 per century and an decrease of the
obliquity of the ecliptic by about 47" per century.

Definition 3.1.2. The combined effect of luni-solar and planetary precession is called
general precession or simply precession.

Definition 3.1.3. The short periodic motion of the pole superimposed on the pre-
cession with oscillations of 1 day to 18.6 years (the main period) and a maximum
amplitude of 9”.2 is called nutation.

Besides the movement of the Earth’s rotation axis in space there is an additional
variation of the rotation axis relative to the Earth’s crust. This motion is primarily due
to the elastic properties of the Earth and the exchange of angular momentums between
the solid Earth, the oceans and the atmosphere.
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Ecliptic pole 2,
.

Ecliptic

%,

Figure 3.1. Precession

Definition 3.1.4. Polar motion is the rotation of the true celestial pole as defined by the
precession and nutation models with respect to the z-axis of a conventionally chosen
terrestrial reference system.

Ecliptic pole 18.6 yrs

Figure 3.2. Nutation

Polar motion consists of a free and a forced oscillation. The free oscillation is
counterclockwise with a period of 430 days (Chandler period) and an amplitude of
3—-6m.

The forced component again consists of two parts. The first part is excited by
the tidal forces and therefore has a diurnal period, with an amplitude of one order of
magnitude smaller than the free oscillation. The second part has an annual period since
it is excited by the annual changes in the atmosphere. Its amplitude is about as large
as the free oscillation.
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Polar motion cannot be predicted by models, it has to be observed by space tech-
niques. The accuracy of those observation has achieved a very high level, accounting
for 0.2-0.5 milliarcseconds which is equivalent to 615 mm at the Earth’s surface.
Polar motion values can be downloaded from the International Earth Rotation Service
(IERS) as tables of daily values of pole coordinates.

In Figure 3.3 a part of the polar motion time series between 1925.0 and 1976.15
with a sampling rate of 0.05 yr is displayed.
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Figure 3.3. x- and y-component of polar motion

The results of the analysis of these time series with the Morlet wavelet is shown
in Figure 3.4. For this analysis the value of the Morlet parameter wo was chosen as
wo = 5.0.

Three features of the polar motion are clearly visible from the wavelet spectra:

1. the forced annual oscillation,
2. the Chandler wobble with a period of 435 days,
3. the attenuation of the energy of the polar motion between 1940.0 and 1950.0.

The attenuation is due to the three-decade oscillation, the so-called Markowitz wobble.
Since the time span of the polar motion is only 50 years, the Markowitz wobble does
not show up as a separate frequency band in the wavelet spectrum.

These three effects cannot be separated in a Fourier spectrum. In Figure 3.5 the
results of the short-time Fourier transformation of the x-component of the polar motion



134 3 Applications

0 0
100 100

— 200- — 200t

2 S

z z

. 300¢ = 300

2 2

g 400} ig_ 400r
500+ 500
600 600
700 700

1930 1940 1950 1960 1970 1930 1940 1950 1960 1970
epoch [year] epoch [year]

Figure 3.4. Wavelet spectrum of the x- and y-component of polar motion

both for a narrow and for a wide window are displayed. It is clearly visible that the
short-time Fourier transformation does not separate annual oscillation and Chandler
wobble as clearly as the wavelet transformation.
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Figure 3.5. Short-time Fourier spectrum of the x-component of polar motion; narrow win-
dow (left) and wide window (right)

The time series of the coordinates of the instantaneous position of the Earth’s
rotation axis is frequently analyzed by different kinds of wavelets. Such studies aim
at the detection of time varying features of the polar motion. Contributions, which
belong to this group of investigations are [85], [86], [89] and [84]. In the papers [90]
and [91] a special emphasis is given to the analysis of short-periodic variations in the
Earth’s polar motion. In a more general setting the time series of the polar motion
can be considered as realizations of stochastic processes. A systematic extension of
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the theory of stochastic processes to wavelet bases can be found in [83] and [87] and
[88]. The localization properties of wavelets enable the extension of the Wiener—
Kolmogorov prediction to cases with a stationary signal but an non-stationary noise.
These developments are reported in [S6] and [55].

3.1.2 Atmospheric turbulence

Fully developed turbulence occurs in incompressible flows at high Reynolds numbers.
It shows features of self-similarity and is therefore closely related to fractals. Conse-
quently, the discussion of the application of wavelets for the study of turbulence will
be started with the introduction of some concepts of fractal theory. The turbulence
analysis aims at the identification of places where the velocity field suddenly changes
its regularity. The regularity of a function f can be measured by its Holder exponent /:

|f(xo +1) = f(x0)| ~ CIM0), (3.1)

The larger the Holder exponent i (x) the more regular is the function f at the place
xo. The Hausdorff dimension is a concept for the characterization of fractal sets:

Definition 3.1.5. Let 7 C R™ be an arbitrary subset of R”. Let N (¢) be the number
of balls of radius & which are necessary to cover & completely. The number

D(h) = lim PN ©)

3.2
e=0 In¢ ( )

is called the Hausdorff dimension of h.

It is easy to see that for simple sets /# the Hausdorff dimension coincides with the
usual definition of its dimension. For more complicated sets, the Hausdorff dimension
can have a non-integer value. For this reason sets with a fractal Hausdorff dimension
are called fractals.

Intuitively,

Nu(l) ~ 17P®W (3.3)

gives the number of balls of diameter /, which are necessary to cover the set of all
points, where the velocity field has the Lipschitz regularity 4.

The connection between the Lipschitz regularity and wavelet analysis is given by
the following theorem:

Theorem 3.1.1. Suppose that v is a wavelet with n vanishing moments, having a
compact support. Let 6 be a function with

f 0@)dt #0, ¥ = (=D"0™ ). (3.4)
R
Let f € L(la, b]). If there exists sy > 0 such that |\Wf (u, s)| has no local maximum

foru € [a,b] and s < so, then f is uniformly Lipschitz n on [a + €, b — €], for any
e>0.
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Proof. [T1]. O

In plain words the theorem states that a function f is Lipschitz ¢g < n at xg if
there is a sequence {(u, s,)}, of wavelet maxima points with

lim u, =xp, lim s, =0. (3.5)
p— 00 p—00

Consequently, if the local maxima of the wavelet spectrum are connected by lines,
the prolongation of these lines towards the scale s = 0 end at a point xg, where f is
Lipschitz oy < n. For a fixed scale s the set of local maxima of the wavelet spectrum
|[Wf(u, s)| can be considered as a covering of the set of singularity points of f by
wavelets of the scale s. At these maxima locations

|WF(u, 5)| ~ s*0F1/2 (3.6)
holds.

Definition 3.1.6. Let {u,(s)} be the positions of all local maxima of |W f (u, s)| at the
fixed scale s. The function

Z(q,5) = Y IW[(up, )| (3.7)
p

is called the partition function.
Of course, Z decays for the scale s tending to zero. The scaling exponent t(g)

InZ(q,
2(q) = liminf M24:5) (3.8)
s Ins
measures the decay of Z. The scaling exponent t and the Hausdorff dimension D are
closely related to each other.

Theorem 3.1.2. Let A = [tpin, Omax] be the support of D(a). Let W be a wavelet
with n > aygy vanishing moments. Then it holds

. 1
T(q) = 2161/1\1 (q (a + 5) — D(a)) . 3.9
Proof. [3]. O

In numerical calculations 7 (¢) is computed by evaluating the sum Z(s, ¢). Solving
(3.9) for D(«) gives the unknown Hausdorff dimension.

In Figure 3.6 the typical behavior of the Hausdorff dimension as a function of « is
displayed.
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Figure 3.6. Hausdorff dimension as function of Holder exponent «

Hence the computation of the Hausdorff dimension consists of four steps:

1. Compute Wf(u, s) and the modulus maxima at each scale s. Concatenate the
maxima across scales.

2. Compute the partition function

Z(q,s) =Y IW[f(up, )|
p

3. Compute t(g) as a linear regression of In Z(g, s) with respect to In s.

4. Compute Hausdorff dimension as

D) = min (g(a +1/2) ~ 1(@) . (3.10)

The statistical theory of turbulence was introduced by the contributions of Kol-
mogorov [59] and Obuchov [76]. This theory applies the tools of the theory of station-
ary stochastic processes to understand the partition of energy, at different scales, in
the solution of the Navier—Stokes equation. Only the inertial zone, which lies between
the smallest scales (where dynamic energy is dissipated in heat) and the largest scales
(where exterior forces supply energy), is treated in the statistical theory of turbulence.
In this inertial zone it is supposed that energy is neither produced nor dissipated but
only transferred from one scale to another according to a constant rate €. Additionally,
it is assumed that the statistical properties of the velocity components of the transport
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are invariant and isotropic in the probabilistic sense. The main result of Kolmogorov’s
statistical theory is

Ef{jui(x + Ax, 1) —u;(x,0)|"} = K, - (E{e})5 - |Ax|53, (3.11)

where u;, i = 1, 2, 3 are the velocity components, ¢ is energy dissipation rate

v [ ou; n ouj 2 (3.12)
e=—(—4+—1 , .
2 \ 0x; 0Xx;

v is the kinematic viscosity and K, is an universal constant. The pendant to the scaling
law in the space domain is the 5/3 -law

S(w) ~ 213w/ (3.13)

for the power density.

For n = 2 the scaling law (3.11) has been confirmed by many experiments. How-
ever, it is not accurate for n > 2 as evidenced by many other experiments. The
deviation from the scaling law (3.11) can be attributed to the fact the dissipation of
turbulent energy occurs only in a small fraction of the fluid volume. This intermit-
tency results in a € (x) with a turn-on turn-off behavior. This means that turbulence has
features which change not only in scale but also in space. Hence the Fourier power
spectrum does not elucidate the multi-fractal structure of fully developed turbulence.
Therefore it is a natural idea to use wavelets in order to unfold turbulence signals in
scale and space.

In general, turbulence studies means the identification of sets with small Holder
exponents. This leads to the following interpretation of the scaling law (3.11): The
velocity field is statistically homogeneous with a Lipschitz regularity 1/3. For purpose
of isolating singular structures a link between the so-called structure function

DY (x) == E{|f (o +x) — f(x0)|) (3.14)

and the Holder exponent is used. Due to Parisi and Fritsch 1984 [77] this relationship
is
q ~ infy~o[pa+1-D(a)]
Df(r) r , (3.15)

where D () is the Hausdorff dimension of the set
{x | h(x) = a}. (3.16)

Practical computations of the Hausdorff dimension D («) show that it has its maximum
at o = 1/3 as it is predicted by Kolmogorov’s theory. Nevertheless, the support of
D(«) is not reduced to {1/3}, which means that a turbulent flow is not a statistically
homogeneous field.

Practical applications of wavelets for the study of atmospheric turbulence can be
found in [8], [49] and [46].
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3.1.3 Fault scarps from seafloor bathymetry

A wavelet decomposition of bathymetric data reveals structures which are easily over-
looked in the raw data. Additionally, isolated features such as fault scarps can be
extracted by an wavelet analysis.

Usually most of the bathymetry data are collected from ship traverses. These tracks
are densely spaced in along-track direction but the tracks are often several kilometers
apart. Hence these data are basically one-dimensional spatial series. Those series can
be successfully analyzed by one-dimensional wavelet analysis. In [64] a 1600 km
long profile near to Hawaii is analyzed. For this analysis a Morlet wavelet is used and
the returned wavelet spectrum shows clearly two distinct zones:

¢ a small zone with large wavelet coefficients on long scales,

e the rest of the profile showing dominating wavelet coefficients on the short
scales.

The anomalous small zone is interpreted as the site of a short-lived, abandoned spread-
ing center.

Up to now only few areas of the seafloor have been mapped by a swath bathymetric
survey, meaning that only in these few areas two-dimensional bathymetry data are
available. Nevertheless, a two-dimensional analysis can give a much deeper insight
than only a track-wise analysis. A typical two-dimensional bathymetry image is shown
in Figure 3.7. It results from a bathymetric survey of the Mid-Atlantic Ridge.

Figure 3.7. Bathymetry of a section of the Mid-Atlantic Ridge

The deep central median valley and the surrounding faulted blocks are clearly
visible in the image. These faulted blocks tend to be long linear ridges running parallel
to the axis of spreading. To find the location of the faults is one goal of the bathymetric
survey. Therefore one tries to extract relatively long linear features with a preferred
orientation from the image. For this purpose a wavelet has to be constructed, which
is sensitive to exactly those features. This goal can be achieved by the construction
of a two-dimensional wavelet ¥ (x1, x2) with a quick decay in x; and a slow decay
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in x, direction. Then the bathymetry data d(x) can be subjected a continuous two-
dimensional wavelet transform

I 1 (1 -
[ (;R (ﬁ)(x—b))-d(x)dx (3.17)

with a fixed orientation angle . The orientation angle has to be chosen so that it
coincides with the orientation of the mid-valley of the Mid-Atlantic Ridge.

As an example for a wavelet with different scales in different coordinate directions
the tensor product of the Mexican hat wavelet

W d}(a, 9, b) =

2
s

Yx) = (1 —xPe 2 (3.18)
and the scaling function of the linear spline wavelet

Tn+2), —2<x<0
P2) = 152 —x), 0<x <2 (3.19)
0, otherwise

can be used. The resulting wavelet is displayed in Figure 3.8.
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Figure 3.8. Two-dimensional wavelet for the analysis of Sea-floor faults

With the help of this wavelet the bathymetry data can be analyzed twice. Once
with the rotation angle ¥ = 85° and another time with the rotation angle ¢ = —5°.
In the first case the faults running across the Mid-Atlantic Ridge in the second case
the faults running parallel to the Mid-Atlantic Ridge are emphasized. A threshold
operation applied to the wavelet spectra extracts the across and the parallel faults.
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In Figure 3.9 the wavelet spectra and the results of thresholding these spectra are
shown.

From Figure 3.9 it is clearly visible that in the case of ¢ = 85° the faults running
across the Mid Atlantic Ridge are extracted, the choice of # = —5° reveals the faults
running parallel the Mid-Atlantic Ridge.

Figure 3.9. Wavelet spectra for rotation angles # = 85° (top left) and ¥ = —5° (bottom left)
and corresponding thresholded spectra (right)

Similar investigations are reported in [67]. In this paper bathymetric data of
a 100km x 70km section of the Mid-Atlantic Ridge are analyzed. With a linear
B-spline wavelet the fault scarps parallel to the Mid-Atlantic Ridge were extracted
from the bathymetry data. The obtained information about preferred fault spacing,
fault orientation and densities can help to understand the complex process the geo-
physical process of ocean floor spreading.

3.1.4 Seismic reflection horizons

The source of seismic waves can be natural or artificial. The natural sources of seis-
mic waves are earthquakes. Since earthquakes are not readily available a continuous
recording of seismographs and waiting for earthquakes is highly inefficient. For this
reason the use of explosives can generate widely control-able artificial sources of
seismic waves. The artificially generated seismic waves are recorded at an array of



142 3 Applications

geophones located at a regular grid around the place, where the waves are generated.
Basically, there are two different sets of seismic data acquired using artificial sources,
one is obtained by refraction the other by reflection.

¢ In the refraction method the arrival time of wave as a function of the distance
from the sources is measured.

¢ In the reflection method the travel time of the reflected signal from the source
to the reflection horizon and back to the receiver is measured.

The relationship between the travel time of the reflected signal and the elastic properties
of the soil is given by the one-dimensional wave equation

()82u 0
X)— = —
PRS2 = ox

au
ax
where p is the density E an elastic constant and u(x, t) the longitudinal displacement

due to compression waves. If we assume that the medium consists of a stack of
homogeneous layers as shown in Figure 3.10, the equation simplifies to

[E (x) } , (3.20)

9%u; 9%u;
,01'8721 =E—, (3.21)

0x7
where E; and p; are constants. Using arbitrary functions f;(t), the solution of (3.21)
can be written as

ui = fitx£x/c;), ci=+Ei/pi. (3.22)
0
Ey, p1
Ey, m
E3, p3
Ey4, p4
X

Figure 3.10. Medium of homogeneous layers

Without any loss of generality the thicknesses Ax; of the layers can be chosen in such
a way that the travel-time
Ax;

At; = — = 8t = const (3.23)
Ci
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through every layer is the same. Let us now consider the reflection and transmission
at the interface from the i-th to the (i 4+ 1)-th layer. The situation is sketched in
Figure 3.11.

Interface
Layer i Layeri + 1
1 ti
R

Figure 3.11. Interface between layers i and (i + 1)

Applying the condition of continuity of displacement across the interface
U = Uiy, (3.24)
and the condition of continuity of traction

ou; Ut
Ei— =Eiy ,
X dx

the following relations between the amplitudes of the transmitted and reflected pulses
are obtained:

(3.25)

1+r=t, (3.26)

1+R =T, (3.27)

ri= —R; = CiPi — Cit+1Pi+1 ' (3.28)
CiPi + Cit1Pi+1

If now an impulse at x = 0 is sent to the layered medium the geophones receive the
reflections from many interfaces as it is shown in Figure 3.12.

This means, the impulses, which are reflected at the different interfaces arrive at
the receiver with a time spacing of 2At. A receiver placed directly at the point where
the impulse was injected to the material would register a time series of the form shown
in Figure 3.13.

In practical applications not only one geophones but a whole array of geophones
placed at different distances from the seismic source are used. These geophones
receive besides the direct wave also the reflected wave as it is indicated at the left side
of Figure 3.14.
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Figure 3.12. Transmission and reflection at interfaces
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Figure 3.13. Direct registration of the reflected impulses

If the seismograms of the registered signals at the individual geophones are stacked
according to the distance to the seismic source the typical form of a reflection seismo-
gram as it is shown at the right side of Figure 3.14 is obtained.

Obviously, in the seismogram the signature of the reflection horizons is given by a
succession of features on a precisely defined scale. This leads in a natural way to the
application of wavelets for the analysis of seismic data. Information like lengths of an
event, its tip, frequency and amplitude are essential for geophysical interpretation of
seismic data. In Figure 3.15 a section of a seismogram is displayed as a gray-coded
image.
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Figure 3.14. Array of geophones (left) and the registered seismogram (right)

Figure 3.15. Gray-coded section of a seismogram

The inversion of seismograms aims at an identification of the individual seismic
reflection horizons, their lengths and their dip-angles. Since the scale of the reflected
signal is approximatively known a wavelet analysis of each individual record at exactly
this scale reveals the location of the reflection horizon as the occurrence of large values
in the wavelet spectrum. An subsequent thresholding operation can suppress those
parts in the spectrum which are not related to reflection horizons and will leave only
the reflection incidences.

This process is indicated in Figure 3.16. For the wavelet analysis the Mexican-
hat wavelet with the scale parameter ¢ = 15.0 was used. A hard-thresholding was
applied by setting to zero all spectral lines with a modulus smaller than 40 % of the
maximum modulus. Obviously by this strategy only the reflection horizons with a
strong reflection are detected. If also the weak reflections should be detected a milder
thresholding would be necessary. If this procedure is repeated for every recording and
if the results are stacked again a picture as is displayed in Figure 3.17 is obtained.
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Figure 3.16. Seismogram with three selected recordings (top left) and the recordings with their
thresholded wavelet spectra (top right to bottom right)

Figure 3.17. Reflection horizons detected by wavelet analysis
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One of the first application of wavelets for seismic studies is reported in [61].
Examples for the wavelet analysis of normal incidence seismic data, i.e. of seismic
data where source and receiver are at the same location are given in [78]. Similar ideas,
without relating the directly to wavelet theory, are used in the paper [66] and [102].

3.1.5 GPS cycle-slip detection

The NAVSTAR GPS (NAVigation System with 7ime and Ranging Global Positioning
System) is a satellite based navigation system providing precise three dimensional
positions and time information. Among the observables of the GPS system carrier
phase observations have the highest accuracy potential. Carrier phase observations
are generated by comparison of the carrier received from the satellite with a copy
of this carrier generated in the receiver. Because of the travel time of the signal the
received and the generated carrier differ by a time lag, which corresponds to the travel
time of the signal between the satellite and the receiver. Due to the strict periodicity
of both the received and the generated carrier the time lag can only be determined up
to an unknown integer number of carrier cycles.

Hence a GPS carrier phase observation can be described by the following equation:

fi

(1) = — (;) (p(t) — L:(t) + T(0) + f: (85 — 8% + N, (3.29)

where
e f; is the nominal L; frequency,
¢ p is the geometrical distance between satellite and receiver,
* [; is the frequency dependent path lengthening due to ionospheric refraction,
¢ T is the frequency independent path lengthening due to tropospheric refraction,
« 85, 8R are the satellite clock and the receiver clock errors respectively,
* N; is the integer phase ambiguity,
e the index i refers to the two frequencies L1, Ly implemented in the GPS system.

The values of N; do not change as long as the connection between satellite and
receiver is not interrupted. If as a result of a bad signal to noise ratio this connection is
disturbed, the receiver has to lock the satellite again. A new acquisition also changes
the value of the integer ambiguities ;. This effect is called cycle -slip and is sketched
in Figure 3.18.

Therefore one of the basic steps in GPS data processing is the detection and cor-
rection of cycle slips. A large number of different techniques has been developed for
this purpose. One of the frequently used method is the analysis of the so-called phase
double differences. For the double differences observations of two receivers i, j to
two satellites p, g are used. The situation is displayed in Figure 3.19.
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Figure 3.18. Cycle slip due to loss-of-lock

satellite ¢

"I el

Figure 3.19. Configuration of double differences observations

The phase double difference is defined by

rqg .__ p p q q
VAR = (0F — F) — (0! — &),

(3.30)
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Inserting (3.29) in this definition one obtains

f

VAT = — <;) [0 = o)) = (o] = o})

— Ul =1 = = IH+ (T =T = (1! = T]) (3.31)
+ (NS = N/) = (N = ND].

Obviously, the satellite and the receiver clock errors cancel out in the double differ-
ences. If the distance between the receivers is smaller than about 30 km, the signals
registered at both receivers have approximatively the same path lengthening due to
ionospheric and tropospheric influences. This means, the tropospheric and ionospheric
terms can be neglected, leading to

g _ f p p q q p p q q
VAquj = — <;) [(P,' P ) — (,0,- - PJ-) + (Nl' - Nj ) — (Nl' - Nj )] (3.32)
Consequently, the change in VACD;U  is only due to the change in the satellite—receiver
geometry. Since the satellites move slowly — they need about 12 hours for one rev-
olution around the Earth — the change in VAQf}q is very smooth. Sudden jumps in

VACDf’ “ indicate the occurrence of a cycle slip. In Figure 3.20 two hours of L1 phase
double differences, recorded with a sampling rate of 15 seconds are displayed.
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Figure 3.20. Double differences with cycle slip at epoch 100

Because the modulus of VAde}q is quite large the jump at epoch 100 is not visible
and it is also difficult to detect by statistical tests. For this reason the smooth trend
is eliminated by fitting a low order polynomial to VAdejq. The residuals after the fit
of a cubic polynomial are displayed in Figure 3.21. In the residuals the cycle slip is
clearly visible as a sudden change in the sign of the residuals. This change of sign can
easily be detected by statistical tests.
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Figure 3.21. Residuals of a cubic polynomial fitted to phase double differences

The essence of cycle slip detection by analysis of the double differences is a two-
step algorithm,

1. alow-pass filter by extracting a polynomial trend and

2. ahigh-pass filter by extraction short wavelength features in the residuals.

Therefore the cycle slip detection algorithm can be considered as a band-pass filter.
Since wavelet transformation implements also a band pass filter a direct link between
cycle slip detection and wavelet transformation is given. The basic idea of this link
is to identify cycle slips as large entries in the wavelet spectrum of VACDf}q. For this
purpose a multi-resolution analysis based on the Daubechies wavelet of order 4 was
created and the projection of VACijq into the Wavelet space W was computed. The

corresponding wavelet coefficients d,il) are displayed in Figure 3.22 in a logarithmic
scale.

In this spectrum the cycle slip clearly shows up as an isolated spike which is very
easy to detect. Used in this way, wavelet transformation is a very efficient and fast tool
for cycle slip detection.

In [14] the a different method for the detection of cycle slips with wavelets is
discussed. The idea behind the detection of cycle slips by wavelet transformation is
the observation that the wavelet spectrum has large values at places where the signal
locally has a similar shape as the analyzing wavelet. Therefore a wavelet has to be
constructed which reflects the typical signal structure of a cycle slip. Entries in the
spectrum with large values are interpreted as places, where cycle slips occurred.
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Figure 3.22. Daubechies 4 wavelet spectrum of double differences

For the cycle slip detection the phase observations on both frequencies are com-

bined
PP =&, — (£> o,
12

— (ﬂ) (L) — L))+ [Nl - (ﬁ) N2i| : (3.33)
c H

Since the ionospheric refraction /; chances slowly with time, a cycle slip will give
a jump in the PP combination. A typical PP combination containing a cycle slip is
displayed in Figure 3.23.
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Figure 3.23. Cycle slip in PP combination
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For the analysis of the PP combination the authors developed a special wavelet v ()
given by its discrete values

1.0, t=-2
—1.0, t=-1
-20, t=0
1) = ’ 3.34
V(1) 20, 1—1 (3.34)
1.0, t=2
0, for all other ¢t € Z.

Between these discrete points the wavelet is interpolated linearly. The wavelet is
displayed in Figure 3.24.
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Figure 3.24. Empirical wavelet for the detection of cycle slips

The wavelet spectrum of the PP combination with respect to the wavelet (3.34) was
computed with respect to the single scale A = 1 and the result is plotted in Figure 3.25.

The cycle slip is clearly visible from its typical signature in the wavelet spectrum.
The slow variation of the PP combination, due to the variation of the ionospheric
influence is completely suppressed.

Despite the fact that the analysis was really carried out using a wavelet there is one
essential difference to a real wavelet analysis. Typical for a wavelet analysis is the fact
that the signal is analyzed on different scales. In the cycle slip example the analysis
was carried out only on the finest scale.
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Figure 3.25. Wavelet spectrum of the PP combination

3.1.6 Edge detection in images

Frequently, a pattern recognition in images aims at a detection of sharp edges. On first
sight edges could be understood as places in the image, where the image intensity has
a sharp transition. But this definition is not satisfactory since also textures have sharp
transitions in image density without being connected to an edge. A clear distinction
between edges and textures requires the inclusion of the scale of the phenomena into
the consideration. This leads in a natural way to a wavelet analysis of the image. The
edges can be identified as the modulus maxima of the wavelet spectrum of the image.
Edge detection algorithms, which are based on this idea are described in [80] and [11].

Maxima of wavelet spectra of images. The standard algorithm for edge detection
in images is the search for maxima of the gray value gradient

af af
Vi)=&, —x)]. (3.35)
dx] 0x2
The vector V f(x) points into the direction of the maximum change of f. A point
f(x) is considered an edge, if it is a local maximum of ||V f|| in the direction V f(x),
ie. if
IVFI = IV (3.36)
holds for
y=x+AVf(x) (3.37)

and A € R small enough. In this way all sharp transitions in image density will be
detected independent of their scale. In order to implement a multi-scale version of this
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edge-detection approach, the data has to be convoluted in advance with a smoothing
kernel ® (i, j), which is dilated to the respective scale. Usually, this smoothing kernel
is symmetric ®(x) = ©(—x) and its partial derivatives

Pl = 2002 ey 90 1) (3.38)

0x1 0x2

are wavelets. For this reason the concatenation of smoothing and gradient computation
can be interpreted as wavelet transform:

ad a
V(O f)u) = (—(® * f)u), 8_x2(® * f)(u))
00
(o) (5o )w)
00
((—(—-) * f) (w), (a—xz(—') * f) (u)> (3.39)

(=9 (=) % @), (¢ (—°)*f)(u)) (3.40)

(
(~w'c—w. . —wie—w. f)
(- W' W, =W ).

The modulus of the wavelet spectrum is defined by

Mf(1,u) = \/I'Wl{f}(l, w) 2+ WA fH(L, w2 (3.41)

This derivation coincides with the intuitive understanding of a wavelet transform as
a band-pass filter. The concatenation of a smoothing as a low-pass filter, and the
differentiation, as a high-pass filter, yields a band-pass filter. Band-pass filtering is
typical for a wavelet transformation. Hence the maximum modulus of the wavelet
spectrum reveals places where on the preselected scale a sharp transition in the image
intensity occurs.

So far the edge detection has only be considered on the scale a = 1. For an edge
detection on other scales the smoothing kernel has to be scaled:

®;x) =2770(2x). (3.42)
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On this scale we have

a9 0
V(®;* f)u) = (a—xl((“)j * f)w), (6 f)(u))

X2
90; 90
= <(a_ ¢ f) (w), (— * f) (u))
X1 9x2
=27 (27 =y x @), 27 (9P % @) (3.43)

2—J <_<,/,1(2—j (—uw), f), —(V2Q 77 (- —u), f))

27 (~wHHE T W, - W W)

and

MR )= 2—1'\/ IWHIQT w2+ WA £} 27, w) 2. (3.44)

In this way between edges and elements of a texture in an image can be distin-
guished. On the smallest scale j = 0 the modulus maxima of the wavelet spectrum

MFAL ) = 1WA P + W2 (L )2 (3.45)

reveals both the edges and the texture. On suitable larger scale j > 0 only the edges
show up in the modulus maxima of the wavelet spectrum

MEQT ) = \IWH AT WP+ W) wP.  (346)

Example 3.1.1. In order to demonstrate the effect of a wavelet transformation on the
edge detection a synthetical image was constructed, which shows a figure as well as a
texture. This image is shown in Figure 3.26. The big square in the left upper corner
represents the figure and the 9 small squares in the right lower corner represent the
pattern.

Figure 3.26 was subjected to a wavelet transformation on the scales j = 0 and
Jj = 3 and the wavelet spectrum maxima are displayed im Figure 3.27.

It is clearly visible that on the smallest scale both the texture and the edges are
extracted. On a larger scale the texture is suppressed and only the edges show up.

The application of wavelet techniques for edge detection in photogrammetry and
remote sensing is still in its initial phase. Examples for the application of wavelets for
fast stereo vision can be found in [101] and [65].
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Figure 3.26. Test image containing a figure and a texture

Figure 3.27. Wavelet modulus maxima on scale j = 0 (left) and on scale j = 3 (right)

3.2 Data compression and denoising

3.2.1 Wavelet filters and estimation

Frequently, a signal is hidden in some background noise. An estimation of signal is
computed by attenuating the noise while amplifying the signal. For decades this tech-
nique is predominated by linear estimators because of their simplicity. In this section
some examples of wavelet based non-linear estimators with an improved performance
will be presented.

Let
f (9,4, P> RY (3.47)
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be a random vector which is considered the signal. The random vector
n:[Q, A4, P1—>RY (3.48)

is considered the noise. The observations which are available are the sum of signal
and noise:

x:= f+n. (3.49)

Usually, f, n are assumed to be uncorrelated. The goal is to construct an estimation
f of f which is linear in the observations

A

f:=Lx, Le£L®"RY (3.50)

in such a way that the average loss of jA‘ compared to f is minimal. In most applications
the loss is measured as the square norm of the difference between f and f:

r(L, f) == E{ILx — fI*}. (3.51)
Definition 3.2.1. A linear estimator L* is called Wiener estimator, if it minimizes the
loss among all linear estimators:

r(L* f)y= inf (L, f). (3.52)
LeL(RN RN)

Theorem 3.2.1. A linear estimator L* is a Wiener estimator if and only if
E{(f—Lx)-x"}=0 (3.53)
holds.

Proof. The loss function

r(L, )= E{{Lx — f, Lx — f}}

is a quadratic form in L. Therefore it reaches its minimum for that L* that generates
a vanishing first derivative:

_OE(Lx—f.Lx—f)) __ .
= oL = =2FE{(Lx — f)x }. O

0

The theorem provides a characterization of the Wiener estimator independent of
the statistical properties of signal and noise. From this characterization an explicit
expression for the Wiener estimator L* can be derived if additional information about
the statistical properties are supplied.



158 3 Applications

Theorem 3.2.2. Without any loss of generality let us assume that both the signal f
and the noise n have a zero mean

0= E{f} = E{n). (3.54)
Let
C.x = E{xx"), Cpy=E{fx")} (3.55)

be the auto- and the cross-covariance matrix, respectively. Then the Wiener estimator
is
L* =Cyy-Cy). (3.56)

Proof.
E{(L*x — f)x"} = E{(C,/Cpox — f)x T}
= Cfxc;xlcxx - Cfx
=0. o

If the observations x, as well as the signal f and the noise n are represented with
respect to the canonical base of RV, the linear equations (3.56) have to be solved for
the construction of the Wiener estimator. This can be avoided if a special base, adapted
to signal and noise, the so-called Karhunen—Loeve base is used. Let

y:[Q, A, P]—>RY (3.57)
be a random vector with vanishing mean and the covariance matrix
Cyy, = E{yy'}. (3.58)
Definition 3.2.2. An orthogonal base {g;}o<k<n is called a Karhunen—Loéve base of
if
’ Cyg=o0fg, k=0,....N—1 (3.59)
holds.

Theorem 3.2.3. If there exist a Karhunen—Loéve basis {g,} which diagonalizes both
the covariance matrices C gy and Cpy, i.e.

Crrer = Bigr, Cumgr=0tg, k=0,...,N—1, (3.60)
then
2 2
L* = G diag 2/30 S = ﬁ”“z G’ (3.61)
By + 95 By_1+t0oN_

holds, where G is the matrix with the base vectors g, in its rows.
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Proof.
L*=Cy-Cy
=Cyr-Cy
= Gdiag(f, ... B_G " (Gdiag(B}. ... By_NGT

-1
+ G diag(cg. ..., o—fv_l)GT)

. . 1 1
= G diag(83, ..., By_,) diag ( . ) G'

3 2 7}
By + 95 Byn_1+oN_

L Bi-i )GT.

=Gd1ag( ) 31t o 5
By + 95 Bn_1 +oy_y o

Remark. As a consequence of the theorem an inversion-free representation of the
estimation f can be given:

f=L*%x
2 2
= G diag 250 S = ﬂ”“z G'x (3.62)
By + o5 Brn_1+0oN_
N—1 2
Bi
= ———(8k> X) 8-
]; ﬂ,%-f—akz

The interpretation of this representation is that the Wiener estimator works as an
attenuation of each signal component (x, g,)gx by a factor, which depends on the
signal-to-noise ratio ,3,% / crkz. In this way signal components with a bad signal-to-noise
ratio are suppressed.

The disadvantage of this diagonal Wiener estimator is that even signal components
with a bad signal-to-noise ratio will be still present in the estimation. In many cases,

a thresholding estimation
N-1

=" prigex)g; (3.63)
k=0
with an appropriate threshold function pr will be superior to (3.62). Standard choices
for the threshold function are the so-called hard thresholding

x, |x|>T
X) 1= 3.64
pr(x) {0’ T (3.64)
and the so-called soft thresholding
x—T, x>T
pr(x)=3x+T, x<-T (3.65)

0, x| <T.
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The threshold T is generally chosen in such a way that it is with a high probability
larger than the maximum noise coefficient (n, g;).

Thresholding has particular interesting properties if it is performed with respect
to a wavelet base. An extensive study of this technique can be found in [2]. The
observations are represented with respect to an orthogonal wavelet base

J .
x=) X, Yjm)Vjm + (X, 97.0)01.0- (3.66)

with N = 27. A thresholding estimator in this wavelet base can be written as

J 27771

=Z Z o1 (X, YjmDWjm + pr (X, 91,0970, (3.67)
=1 m=0

where pr can be the hard thresholding (3.64) or the soft thresholding (3.65). Generally
speaking, in a wavelet base large amplitude coefficients correspond to transient signal
variations. This means a wavelet thresholding keeps only transients coming from the
signal without adding others due to noise.

In Figure 3.28 the effect of the hard wavelet thresholding is demonstrated for a
saw-tooth like signal with superimposed noise.

Obviously, in this estimation the noise is widely suppressed while the sharp edges
of the transient signal parts are not smoothed.

If the same signal is represented with respect to a Fourier base g, () = ekt and

if the same threshold estimation technique is applied, the removal of the noise also
smoothes the sharp edges of the signal. This effect is illustrated in Figure 3.29.

The hard thresholding is automatically akind of an adaptive smoothing that depends
on the regularity of the signal: The wavelet coefficients of the observations are the
sum of two components

(x, wj m) = ([, Vjm) W/ m)s (3.68)

the wavelet coefficient of the signal and the wavelet coefficient of the noise. In general,
small wavelet coefficients (x, v¥; ) occur in regions, where the signal f is smooth.
Setting these coefficients to zero means locally smoothing the observations. Since
the signal itself is already smooth in these regions thresholding means eliminating the
noise locally.
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Figure 3.28. Transient signal with noise (top left), its Daubechies 4 spectrum (bottom left), the
hard thresholded spectrum (bottom right) and the estimated signal (top right)
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Figure 3.29. Transient signal with noise (top left), its Fourier spectrum (bottom left), the hard
thresholded Fourier spectrum (bottom right) and the estimated signal (top right)

Large wavelet coefficients (x, v ) occur in the neighborhood of sharp signal
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transitions. These coefficients are kept under the thresholding policy. For this reason
the smoothing of these sharp variations is avoided.

The assumption that for a piecewise smooth signal the noise manifests itself mainly
on the finest wavelet scale leads to a simple method for the estimation of the noise
variance. Under this assumption for a signal of length N on the finest scale

(X, ¥i,m) = (0, ¥i,m) (3.69)
holds. Let us denote the median of the absolute values these coefficients by M.
M := Med{[(x, ¥1,m)}m=0,....N/2- (3.70)

If the length N = 27 is large enough, the values (x, Yo,m) can be assumed to be normal
distributed and it holds

E{M} ~ 0.67450 (3.71)
(cf. [57]). Therefore the noise variance can be estimated by
2
A2 M
- = . (3.72)
0.6745

This procedure is robust against outliers, which are produced by the few large wavelet
coefficients in the vicinity of sharp signal transitions. A detailed study of noise variance
estimation based on this idea can be found in [20].

Donoho denoising. A more efficient noise suppression can be obtained by a more
sophisticated thresholding policy, such as the so-called Donoho-threshold. In [19] the
following threshold policy is proposed:

C?m,k = sgn(dm ) (|dm il — )4, 7 :=4/2l0g2’)o (3.73)

with (x) defined by

x, x>0
=1 3.74
()-+ {0, 2o (3.74)

This thresholding policy sets all wavelet coefficients to zero which are smaller than the
bound 7. Finally, an estimation f of f is constructed from the thresholded wavelet
coefficients

J 2/
fO =000+ D dui¥mi®), (3.75)
m=1 k=0
which is hopefully free of noise but still contains the sharp features of the signal.

As an example we consider the signal displayed in Figure 3.30 which imitates one
signal discussed in [19]. The signal consists of a large-scale sinusoidal component, a
singular spike at 3.8 and a superimposed noise. The logarithm of the modulus of its
wavelet spectrum is shown in Figure 3.31.
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Figure 3.30. Noisy signal with isolated spikes
2
1
0
E
E
a
0 -2 I .
3 l ‘” |
-3
AN
-4
-5
0 200 400 600 800 1000 1200

Figure 3.31. Logarithm of wavelet spectrum

Obviously, the majority of the wavelet spectrum is smaller than 10~!. This part
of the spectrum represents the noise contained in the data. If a thresholding is ap-
plied, only 13 out of 1024 wavelet coefficients remain different from zero. The signal
reconstructed from this 13 nonzero coefficient is displayed in Figure 3.32.

The reconstructed signal is practically free of noise but the sharp features are still
preserved. They are not blurred during the denoising process. In comparison to the
wavelet denoising the result of the usual low-pass filtering is displayed in Figure 3.33.
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Figure 3.32. Reconstructed signal
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Figure 3.33. Low-pass filtered signal

Here the noise is strongly reduced but not completely eliminated. The spike in the
data is still visible. If an even stronger low-pass filter is applied the result can be seen
in Figure 3.34.

3.2.2 Deconvolution thresholding

The inversion of noisy data is often instable and amplifies the data noise considerably.
In this section data will be investigated, which are degraded by white Gaussian noise.
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Figure 3.34. Stronger low-pass filter

It will turn out that threshold estimators with respect to a base which diagonalizes the
covariance of the noise are an appropriate deconvolution technique.
It is assumed that the data y

y=kx f+n (3.76)

are observed. The observation is the convolution of the signal f with the kernel k plus
a superimposed noise n. The noise n is assumed to be white and Gaussian with the
variance o2, The goal is an estimation of f from the noisy and convoluted data y.

It is not guaranteed that the convolution operator has a unique inverse. For this
reason, the pseudo-inverse k~ will be used for the deconvolution.

Lemma 3.2.1. Let y be an observation of a signal defined on [0, N]. Let
B = {gn(t) := N~ V272N | 1y € {0} UNJ. (3.77)

Then the pseudo-inverse k™ is given by

k(@) =Y aec), (3.78)

m=0
where

-1
- {(k*gm,gm) , (k*gm,gm) #0 (3.79)

"o, (k * gm, gm) = 0.

Proof. Let V. = {kx f | f € L»[0, N]} be the image of the convolution operator
k and V* the orthogonal complement of V in L7[0, N]. The set 8 is a complete
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orthonormal base of L,[0, N]. Foray € L,[0, N] the pseudo-inverse k£~ is defined
by
Ik~ yII> = min[| fI* | k* f = y}.

For any solution f of k % f =y

(v, gm) = (k* f,8m) = (k* gm, f) = (k*gmu, gn) - (&m> [),

m € {0} UN holds. Hence any solution of the equation k x f = y is generated by

0o
f= Z Am Ay, 8m)&m >
m=0
with

(k * gm, gm>_1’ (k * gm, gm) #0

Am = )
arbitrary value, (k *x g, gm) = 0.

Due to the orthogonality of the base functions g, the relation
o
AP =D ) (3. gm)?
m=0

holds. This leads to o
min [l £1* =Y 0%y, gm).
m=0

Hence
o0
£= 0y, gmgm
m=0
o0 o
= Z ZM (¥, &m)dmi g1
m=0 [=0
o0 o
= Z Z)‘;b” 8m)(&m * &1)
m=0 [=0
00 00
= (X0 eman) * (D r7e)
m=0 =0
=k xy
holds. -

The estimation f is obtained by the application of the pseudo-inverse k™ to the
data y

A

f=k xy=((k xk)x f+k xn. (3.80)
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The pseudo-inverse does not provide a complete estimation of f. It only estimates the
projection F = Py f of the signal f onto the image V of k. Since the pseudo-inverse
k™ is linear, the transformed noise Z := k™ x n is Gaussian again with the covariance
operator

K =0’ k™. (3.81)

Because the exponential functions gi are eigenfunctions of every convolution operator,
the base (3.77) diagonalizes both the covariance operator of F := (k™ x k) * f and Z.
Hence it forms a Karhunen—Loeve base for the estimation problem (3.80).

Lemma 3.2.2. Let Cyy be the covariance operator of f and Cyy be the covariance
operator of n. The quantities B, , oy, are defined by

B2 = E{(f, gm)*} = (Crrgm gm) (3.82)
02 = E{(n, gm)*} = (Cangm» gm) = 0> (3.83)

Then the Wiener estimator is given by

= F\ 8m)&m» 3.84
n;ﬂm+()‘)2 (f, gme (3.84)

where I :={m € {0}UN | A, # 0}.
Proof. With the notations
=k xk)xf, Z:=k *n,
the deconvolution problem (3.80) can be reformulated as denoising problem
f=F+2Z.
The covariance operators of X and Z are given by
Crr=Fk %k  xk*k*Cpp, Czz =k %k %Cpy =0k k.

Hence
E{[(F, gm)*} = O)* (k * g, gm)* By
and
E{(Z, gm)I*} = () 0?

holds. Since {gx} is a Karhunen—Logve base the Wiener estimator is given by

~ E{(F, gn)?) .
Z  E((F, gn)2) + E(Z, gu?] 878

o0

_ Z o)k % g, gm)* B F. )

Zﬂ2+(k o (s gm)gm.

mel
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Many applications in geo-sciences involve convolution kernels which are compact.
This means that the image space coincides with the whole space

V = L,[0, N] (3.85)
but the eigenvalues tend to zero
lim X, =0. (3.86)
m—00

Consequently k& is a smoothing kernel. A simple inversion would lead to

> 1
Z T gmem: (3.87)

which clearly is an unbounded and therefore instable deconvolution operator. If for
compact kernel the estimation formula (3.84) is used, the simple relation

00 2
F = IgZ_,_—;l—ZGz(f’ &m)8&m- (3.88)
m=0 "m m

is obtained. Here the amplification 1/A,, is counterbalanced by a regularization pa-
rameter o2 resulting in a bounded and therefore stable deconvolution operator.

As in the denoising case the Wiener deconvolution has the disadvantage that signal
components with a bad signal to-noise ratio will remain in the solution. This can be
avoided by the application of a thresholding algorithm.

F= Z%PT( f.eer (3.89)
k=0 Pk T %k

Formula (3.89) describes the threshold deconvolution in a exponential base. This
exponential base has the advantage that it diagonalizes the convolution operator. On
the other hand this base is optimally suited for stationary signals. Transient signals are
better approximated with respect to a wavelet base. The price which has to be paid for
working in a wavelet base it that the convolution operator is not longer diagonal with
respect to this base. Fortunately, only a few of the off-diagonal elements are really
large and a suitable threshold will set them to zero. In this way the advantages of
representing also transient signal components and leading to a diagonal estimator can
be combined.

In a waveletbase B8 := (Yj;, | j=1,...,J,m=0,..., N/ZJ} the observation
equation (3.76) can be written as

J Nj27i

Vo Vpg) = D D kx Wjms Wpg) fim + (1, Wpg)- (3.90)

j=1 m=0
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In many cases the matrix ((k * ¥, ¥pq)) is sparse and strongly diagonal dominant.
Therefore it can be replaced by a thresholded matrix

J N/27
(ys 1/qu Z Z T(k*l//]m"/qu))fjm (n ,‘/qu)‘ (3.91)

For a suitable choice of the matrix and the threshold 7T the thresholded matrix is
diagonal

ot ({k * 'ij, qu)) = diag((k * 1pjma ij»' (3.92)

This leads to the following threshold deconvolution:

g (v, ¥j
B jm jm- 3.93
! ;,;) RS (3.93)

Example 3.2.1. Let us consider the convolution kernel

n

1
k(1) = P 12 st —1), (3.94)

=—n

which is the formula expression for a smoothing average operator of length 2n 4 1.
For every convolution kernel the functions g are eigenfunctions. The corresponding
eigenvalues A; can be derived from following equation:

n

1
k% — —12wkl/N
= ot IZ ¢ 8k

=—n

1 n
= (1 42 ; cos(2nkl/N))gk

Obviously the eigenvalues are given by

1
2n +1

Ak =

(1 +2 Xn: cos(2mkl /N)). (3.95)

=1
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For n = 4 the eigenvalue spectrum {};} of & is plotted in Figure 3.35.
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Figure 3.35. Spectrum of the convolution operator

As input data a sawtooth signal as it is shown in Figure 3.36 is used.

0 100 200 300 400 500 600
Figure 3.36. Signal f to be recovered

After convolving with the kernel (3.94) and adding noise, the resulting observations
are displayed in Figure 3.37.

The wavelet spectrum of the observations (y, ;) can be computed by the appli-
cation of Mallat’s algorithm. This spectrum is shown in Figure 3.38

The matrix K := ((k * ¥jn, ¥jm)) is sparse but not exactly diagonal, as can be
seen in Figure 3.39.

Instead of approximating the matrix K by its diagonal K =~ diag({k * ¥jm, ¥jm))
a thresholding policy is applied both to the matrix and to the observation spectrum

K = pr({k * Yjm, Yim))s  bjm = pr({y, Yjm)). (3.96)
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Figure 3.38. Wavelet spectrum of observations

The solution of this thresholded system is considered the wavelet spectrum of the
signal to be recovered

(fs Yjm)) = K~ (bjm). (3.97)

The wavelet reconstruction of the estimated signal spectrum ({ f, ¥)) yields an es-
timation for the unknown signal f. This estimation is displayed in Figure 3.40.
Clearly, the noise level has strongly reduced without mollifying the sharp peaks.
On the other hand the thresholding of matrix elements leads to some undesired artefacts
in the estimation of the signal. Here, with a proper choice of the thresholds a balance
between denoising, deconvolution and the generation of artefacts has to be found.

More examples for the application of wavelet deconvolution techniques in Physical
Geodesy are listed in [39].

As it was already demonstrated in the previous example, the thresholding in the
denoising approach can lead to artefacts in the solution. In order to avoid this one
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Figure 3.40. Result of thresholded wavelet deconvolution

could represent the observation and the signal to be estimated with respect to different
tight frames. These frames can be chosen in such a way, that the deconvolution matrix
gets diagonal. This second tight frame can be derived from the first one as the solution
of the following equation:

k*Wom = kKnmWnm, Nwamll = 1. (3.98)

If the first frame vy, is a wavelet frame, the resulting frame w;,, is called a
vaguelette frame. With respect to this wavelet-vaguelette pair the deconvolution equa-
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tions get diagonal,
(f, Yrum) = kKnm (Y5 Wam)- (3.99)

As for the wavelet also for the vaguelette Mallat’s algorithm can be used for decompo-
sition and reconstruction. Hence, if once the wavelet-vaguelette pair of a convolution
kernel k has been developed, the wavelet-vaguelette decomposition is a highly efficient
algorithm for deconvolution problems.

Results about the application of this wavelet-vaguelette decomposition for the
solution of geodetic integral equations are given in [41], [51] and [52].

3.2.3 Image compression

One of the most successful applications of discrete wavelet transformation is image
compression. The so-called pyramidal algorithm [10], which is widely used in image
processing can be considered a predecessor of the multi-resolution analysis in wavelet
theory. The multi-resolution analysis and Mallat’s algorithm for fast discrete wavelet
transform are the cornerstones for the application of wavelets in image processing.

A digital grey-coded image can be represented by a n X n matrix F' = (f;;) with
integer entries f;;. The value f;; is the grey value of the pixel in the i-th row and the
Jj-th column. In general

fij €1{0,1,2,...,255} (3.100)

holds. This means that the storage requirement of such an image is S = n? byte.
The compression aims at an alternative representation of the image requiring only
Scomp < S bytes. The ratio

S

Scomp

k:

(3.101)

is called compression rate. Using the scaling function ¢ of the Haar wavelet a grey-
coded image has the representation

n—1

fay) =Y fijpx—i)-p(y—j). (3.102)

i,j=0

This means the image is represented with respect to the tensor Haar scaling function
base. The idea of image compression is the representation of the image with respect to
an alternative base and to choose this base in such a way that in the new representation as
many coefficients as possible are so small that they can be neglected without influencing
the visual quality of the image.

Hence a typical algorithm for image compression by wavelets consists of three
steps:

* Computation of wavelet spectrum.

¢ Thresholding.
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* Compact coding of the remaining non-zero wavelet coefficients.
The coding itself consist again of two steps

e the quantization and

* the coding of the quantized coefficient values.

In the original image representation all coefficients can have only values out of
a finite set (in most cases only the integers between 0 and 255). Due to the wavelet
transform the image representation with respect to a wavelet base has real coefficients.
Quantization means to map these real coefficients on a finite set. The simplest form
of quantization is the uniform quantizer

o - |° x| < A/2

(3.103)
sgn(0kA,  (k—1/2)A < |x| < (k+ 1/2)A,

i.e., all values in an interval of the length A are quantized by the mean value of the
interval. In general the quantized value is an integer.

The last step, the coding, is an intelligent method to store these integers in such a
way that frequently occurring numbers are coded by a low number of bits. An efficient
coding algorithm is the so-called Huffmann coding:

Example 3.2.2. Suppose that the following values are obtained from quantization:
9,123,17, 63,129, 17, 123, 123, 52.

In this sequence the number 123 occurs three times, 17 two times and the integers
9, 129, 52 one time each. Therefore, 123 gets the shortest binary code, 17 the next-
shortest and so on. This leads to the following coding table.

123 0
17 10
63 1100

9 1101

129 1110

52 1111

Consequently, the coded sequence is
11010101100111010001111.

Obviously, the original sequence needs 1 byte per entry accounting for 72 bits for the
whole sequence. The Huffmann coded sequence needs only 23 bits.

The choice of a proper base, which leads to a large number of small coefficients and
an efficient coding leads to a high compression rate. Currently, the JPEG compression
standard [104] is widely used.
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Fourier compression (JPEG). The JPEG image compressing uses block-wise co-
sine function as base functions. The image is decomposed in blocks of L x L pixels.
In each block the image is represented with respect to the orthogonal base

nom) = —— 2 cos (L + 1y LA (3.104)
i(n,m) = —— —cos | — —) ) cos | — — .
Pt M) = L L2 AR
with
V2, i=0
v = N2 i=00 (3.105)
1, otherwise.

In the JPEG standard the block-size L is set to L = 8. Pictures of N pixels are divided
in N2 /64 blocks of 8 x 8 pixels each. The grey-values Sf814i,87+; in the block (1, J)
have the following representation with respect to the base (3.104):

8 8
1 1.J .
Sfer+i8r+j = 6 Z Z C;(l,}n)(pn,m(l’ J) (3.106)
n=0m=0
with
8 8
cam) = Vn¥m Z Z J81+i87+j@nm (i, J)- (3.107)
i=0 j=0
,J)

Usually, the block-cosine spectrum ¢, ;;* contains a comparatively small number
of coefficients with a large modulus and a large number of very small coefficients. The
biggest part of the information about the image is carried by the small number of large
coefficients. The majority of the coefficients is small and contributes only marginally
to the information about the image. Therefore, applying a threshold strategy, the
number of coefficients which are necessary to reproduce the main information about
the image can be dramatically reduced.

Example 3.2.3. In order to demonstrate the JPEG compression principle, the JPEG
algorithm will be applied to the famous Lena image shown in Figure 3.41. The his-
togram of the block-cosine coefficients is shown in Figure 3.42. It displays for every
class the ratio of the number of coefficients belonging to this class and the total number
of coefficients. Though the modulus of the coefficients can reach the value of 7000
about 90 % of the coefficients are smaller than 200. Therefore a threshold strategy
can be applied: All coefficients which are smaller than 1 % of the value of the largest
coefficients are neglected. This lead to a compression ratio of

k=641, (3.108)

It has to be mentioned, that no quantization and no coding was applied. An addi-
tional quantization and coding would still increase the compression ratio considerably.
The image, which was reconstructed from the remaining coefficients is shown in
Figure 3.43. Itis clearly visible that the JPEG compression is not loss-free. The recon-
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Figure 3.41. Test image Lena
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Figure 3.42. Histogram of block-cosine coefficients of Lena image
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Figure 3.43. Reconstructed image after thresholding the block-cosine spectrum

structed image has small artefacts. Especially at Lena’s shoulder the block structure
of the JPEG compression algorithm is visible as a mosaic of small squares.

Wavelet compression. A larger compression rate as for the JPEG algorithm can be
obtained if the image base is chosen in such a way that the histogram of the coefficients
with respect to this base is even stronger concentrated around zero.

For this purpose orthogonal wavelets with a compact support can be chosen as a
base. The localization property of wavelets promises a stronger concentration and the
use of Mallat’s algorithm provides a very efficient tool for coding and decoding the
image.

Example 3.2.4. As a test image again the Lena image was used. The Daubechies
wavelet of order 6 was chosen as wavelet base. The histogram of the wavelet coeffi-
cients of the test image is displayed in Figure 3.44.

If the wavelet histogram in Figure 3.44 is compared to the block-cosine histogram
in Figure 3.42 two effects can be noticed:

1. The magnitude of the largest coefficients has increased from 7 000 to 20 000.

2. The concentration of the small coefficients has increased from 90% to 98%.
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Figure 3.44. Histogram of Daubechies 6 wavelet spectrum of Lena image

Hence a higher compression rate by thresholding should be possible. But also the
quality of the reconstructed image can be improved by keeping the same compression
rate as for the JPEG compression.

Applying the threshold policy to neglect all coefficients which are smaller than 1%
of the maximal coefficients leads to a compression rate of

k =102.2, (3.109)

which is larger than the compression ratio of the JPEG algorithm. The reconstructed
image is displayed in Figure 3.45.

A visual comparison of both images, given in Figure 3.46 shows that the compres-
sion loss of the wavelet compression is smaller, even if the compression rate is higher.
No artefacts are visible. Especially, there is no block pattern in the reconstructed
image.

The reason for the better performance of the wavelet compression is that sharp
gray-value contrast in the image can be better detected by wavelets than by a cosine
base.

The difference between JPEG and wavelet compression can be shown more clearly
if test images with simple geometrical figures are used. Two images showing a square
and a circle in the center are used as test images. The images are shown in Figure 3.47.

Both images are compressed using JPEG and wavelet compression. The recon-
structions of the compressed square images are displayed in Figure 3.48.
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Figure 3.45. Reconstructed image after thresholding the wavelet spectrum

Figure 3.46. Comparison of JPEG and wavelet compression
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Figure 3.47. Test images

Figure 3.48. JPEG (left) and wavelet (right) compressed square

Figure 3.49. JPEG (left) and wavelet (right) compressed circle
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The compression rates of both images are quite different: k& = 233.1 for JPEG
and k = 4166.6 for the wavelet compression. While, the wavelet compressed square
is almost perfectly reconstructed, the JPEG compressed square shows clearly visible
artefacts on the upper and on the left side. This tendency becomes even more apparent,
if the circle image is considered. The comparison of both compression results is given
in Figure 3.49.

3.3 Sub-band coding, filtering and prediction

3.3.1 QMF filter design and wavelets

As it has already been mentioned in Section 2.2, a filter bank splits a signal x into two
parts: a low frequency part Hx and a high frequency part Gx. A similar situation
occurs in the case of a multi-resolution analysis. There a function f € Vj is splitin a
smoothed part Pf € V) and the difference part Qf € W;. Now the question arises,
under which conditions a filter design is equivalent to a wavelet analysis.

In order to point out the similarities between wavelet multi-resolution analysis
and digital filtering, some concepts of digital signal processing theory should be re-
called here: Four digital filters H, G, H*, G* defined according to (1.48) with their
z-transforms according to (1.49) are called a PR filter bank, if

H(—z)H*(z) + G(=2)G*(z) =0 (3.110)
H()H*(2) + G(2)G*(2) =2 (3.111)

holds. The filter bank is called orthogonal if additionally
H@) =H*z™) (3.112)
is valid. The filter bank is called a quadrature mirror filter (QMF), if
IH@IP +1G@)f =1 (3.113)
holds. Additionally, a filter H is called a conjugate mirror filter, if
|H@P + |H(-2)* =2 (3.114)
is true.
The decomposition operators H, G and the reconstruction operators H*, G* of

Mallat’s algorithm can be related to the combination of linear convolution filters H,
G, G*, H* combined with dyadic down- and up-sampling. Define the convolution
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filters H, G, G*, H* by

(Hx)y =) hxni, = hg, (3.115)
keZ

(GxX)n =D BkXn—k» &k = 8k (3.116)
keZ

(H*X)p 1=y hixns, (3.117)
keZ

(G*x)p := ngxn_k. (3.118)
keZ

Then the decomposition steps of Mallat’s algorithm can be identified with the filters
H, G followed by a down-sampling by the factor 2:

(Hoy =Y hi—anck = ) hon—kcx = (Ho)n, (3.119)
keZ keZ

(Go)p = ng—Zan = Zan—ka = (GC)an, (3.120)
keZ keZ

(H*c)y = Zhn—chk = Zhn—kék = (H*O)y, (3.121)
kel keZ

(G* )= gn-akck = Y _ gnklk = (G*O)n, (3.122)
keZ keZ

where
“ Cnj2, N even
= 3.123
“=lo, nodd (3.123)

is the sequence which is obtained by up-sampling the sequence ci by the factor 2.
The consequence of this relationship is that all what can be said about the convo-
lution filters applies also to Mallat’s decomposition and reconstruction filters.
A multi-resolution analysis of L;(R) can be generated by the choice of a scaling
function ¢. The coefficients /1 of its scaling equation (2.67) define a digital convolution
filter by

(Hx)j := Z By Xk—p. (3.124)

Lemma 3.3.1. Thedigital convolution filter (3.124), defined by the scaling coefficients
of the scaling function ¢ of an MRA of L,(R), is a conjugate mirror filter, if the shifted
versions of the scaling functions are orthogonal to each other, i.e. if

(), (s — k)) = dok (3.125)

holds.
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Proof. For the transfer function (2.71) of the scaling equation holds
h(@) [ + h(w + ) =

The z-transform H of the digital filter defined by the scaling coefficients Ay is related
to the transfer function % by

\/z —tkw toy—k _ \/_ »
hw) = == ) e = Zh( )= T HE).
keZ keZ
Hence
2 =2(lh(@)* + |h(w + 7)[*) = |H(@E®)]* + || H(—")|?
= H@OP +H(-P,  z=¢*
This proves that the convolution filter is a conjugate mirror filter. O

Remark. If for a signal f € Vj with the representation

f@ =Y ok —k (3.126)

keZ

the validity of f(k) = c,(( ) can be imputed, then the smoothing step
o) = el (3.127)
nez

of Mallat’s algorithm is considered a low-pass filter. In contrast to the standard case of
digital signal processing it is not a convolution but a correlation filter. Defining related
filter coefficients by hj := h_; then Mallat’s smoothing step can also be expressed as

a convolution filter .
o) =Y hoelle = e, (3.128)

nez nez

For its z-transform follows
- _ —k 1
H = h h =H(|-).
e ONI0
keZ kel

Hence, with z = 1/¢,

- (1 - 1 - -
2= HQOP+|HE0” = 1H (Z) ?+1H <_E) P =H@P +|H (2
(3.129)
holds, and Mallat’s smoothing step is also a conjugate mirror filter.



184 3 Applications

Another important class of digital filters are the so-called quadrature mirror filters
(QMF). They are characterized by the property that their filter characteristics ad up to
1. Unfortunately the smoothing and the differencing filter of Mallat’s algorithm do not
form a QMF filter in general. Only in the simplest possible case of the Haar wavelet
this property holds.

Example 3.3.1. The coefficients of the scaling equations for the Haar wavelet are

1

/2

With the introduction of new filter coefficients

b
7

],_lk:h—ka k:_laoa gk:g—ka k:O’l

the smoothing and the differencing step of Mallat’s algorithm can be expressed as
convolution filters followed by a down-sampling by the factor 2:

(Ho)y =) hiconsx = ) hican—i = (hx¢)2n) = D(h ).
k k

The same holds for G where D means the down-sampling operator
(Dx)y = x2p.

The z-transforms of the convolution filters /, g are
h(z) =Y ez ™® =ho+hiz
k

2@ =Y azr =g +gaz "
k

If a sequence {x,} has the z-transform X (z), then the down-sampled sequence D{x,}
has the z-transform

DX(z) =Y (Dx)z*
k
= ZXZkZ_k
k
1 —k/2 k_—k/2
—§<Zxkz +Zx1<(—1) z )
k k
1
=5 (X2 + X (=)
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Hence Mallat’s smoothing and differencing filters have the z-transforms

1

H(Z) = 5(/’l0+h1«/§+h0—h1\/§) = hy
1 1 1

G(z) = 3 <g_1$ + 80 — 8—1@) = &o.

Applying the properties
go=hi, hi+hi=1,

the relation
|H@P +1G@) 1P =h§+ g5 =hi+hi =1

follows and consequently the Haar wavelet establishes a QMF filter.

While the smoothing filter H and the differencing filter G of Mallat’s algorithm
constitute a QMF filter only in the trivial case of the Haar wavelet, any orthogonal
wavelet generates a PR filter bank.

Theorem 3.3.1. The filters H, G, H*, G* (3.115)—(3.118) generated by an orthogo-
nal wavelet form a PR filter bank.

Proof. The z-transform of H and G are

H(z) = Zf_lkz_k = thzk

keZ keZ
G =Y @z =) ad =) (-Dht =-2) (~Dmz*
keZ keZ keZ keZ

keZ <
G =Y @z ¥ =D (=D === (—Drmdt
keZ keZ keZ
1 -
=——H(—7)
Z

As the next preliminary step the orthogonality of the scaling function

> homikhic = Som
keZ
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is used to compute

o () = (Sne) (e )

leZ
= Z Z hkhlzkil
keZ leZ
= Z th+zhzzm-
meZ leZ
This leads to
A0 A* () + G(-0G* () = A~ il (%) LA (%) <_§ﬁ<—z>)

=0
H()H*(z) + G(z)G*(z) = H(z)H (%) + <—zl-_l (—%) <—%I:I(—z)>>

= H(2)H (1> + H(-2)H (—l>
z z

= Z th—i-lhlzm + Z Z(—l)mhmHhZZm

meZ leZ meZ leZ
=Y 2> hompihiz™"
meZ €7
=22 donz™
mez
=2.

Consequently, an orthogonal wavelet produces a perfect reconstruction filter bank. O

All in all, it can be summarized that Mallat’s algorithm for an orthogonal wavelet
is equivalent to a perfect reconstruction filter bank. In general, the reversal is not true.
The coefficients of the low- and the high-pass filter of a perfect reconstruction filter
bank in general cannot be identified with the scaling coefficients of an orthogonal
scaling function and its corresponding wavelet. For a perfect reconstruction filter
bank there are four filters H, G, H*, G*, which are connected to each other by two
conditions (3.110), (3.111). Hence there are two degrees of freedom. In wavelet
theory the four filters H, G, H*, G* are descendants of the single filter H with the
filter coefficients being identical to the scaling coefficients of the underlying orthogonal
scaling function ¢. This leads to the property that the results of the of the smoothing
and the differentiating step are orthogonal to each other. A similar result is not true
for a general perfect reconstruction filter.

Concluding it can be said, that orthogonal wavelets induce perfect reconstruction
filter banks with additional desirable properties.
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3.3.2 Prediction of stationary signals with superimposed non-stationary noise

Collocation is widely used for the treatment of geodetic measurements. The collocation
theory is based on the stationarity assumption. In practice this assumption is only
piecewise fulfilled, since the variance of the data errors differs in different areas.

A first solution of the non-stationary collocation problem is given in [82]. In this
paper the following extension for the well-known Wiener—Kolmogorov equation to the
non-stationary case is found:

(Cee + Con)a = Cen f, (. €) = (a, 7). (3.130)

Here 71 is a Hilbert space valued random variable, representing the observed data
with the covariance operator Cy; and & is a Hilbert space valued random variable,
representing the unknown solution with the cross-covariance operator Cg,. The data
n contains white noise with a piecewise varying variance w(t), i.e.

Coun = w®I, (3.131)

with I being the identity operator. Since, in contrast to the classical Wiener—Kolmogorov
equations w is not constant, the equations cannot be transformed into the frequency-

domain and solved by FFT. Therefore a wavelet solution will be given here which

exhibits the following features:

* The piecewise constancy of the noise-variance will be optimally reflected by the
underlying Haar wavelets.

* In contrast to the FFT-case the matrix is no longer diagonal but at least sparse.

Wavelet solution of Wiener—-Kolmogorov equations. The equation (3.130) is an
operator equation, which in general can only be solved approximately. One standard
technique for the numerical solution of operator equations is Galerkins’s method. The
basic idea of this method is to look for a solution of (3.130) not in the whole Hilbert
space H but in a finite-dimensional subspace H, C H. With {e;} being a base of H,
this leads to the so-called Galerkin equations

n

Y lei, (Cee + Candej)ey = (Cepfrei), i=1,...n, (3.132)
j=1

or, in more detail,
n
Z[(ei, Ceeej) + (ei, w(t)ej)aj = (Cey frei), i=1,...n. (3.133)
j=1

The question remains how the base functions e; can be properly chosen. One criterion
can be the nature of w. The quantity w is the variance of the data-noise. The data-
noise is supposed to have a piecewise constant variance. Hence w can be optimally
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represented by Haar-wavelets

N 2N-n_|
wt) = wyen o+ Y Wam¥Pnm (), (3.134)
n=0 m=0
with
_N _N
ono() =2"292 1), (3.135)
Ynm(t) =272 27" —m) (3.136)
and
1 1
)y =1" 0=t= , (3.137)
0, else
I, 0<r<}
y)={-1, t=<r<1. (3.138)
0, else

This leads to the following form of the Galerkin equations

n N 2N
> [(ei, Ceze) +wlei onoe)) + ) D Wamler, llfn,m€j>]05j = (ei, Cgn f).
j=1 n=0 m=0

(3.139)
The Galerkin equations constitute a system of linear equations for the unknown coef-
ficients «; of the approximate solution a,,. For an efficient solution of these equations
it is necessary to find closed expressions for the matrix coefficients

N 2N
aij = (ei, Ceeej) + wylei onoe) + Y Y Wamlei Ynme))  (3.140)

n=0 m=0

of those linear equations. For this purpose the base functions e; should be as simple
as possible. The simplest is the usage of Haar wavelets. This choice generates the
following form of the Galerkin equations:

N 2N=n—]
I:(QON,O7 Cezon.0) + WN{(ON.0- Ox0) + D D Wamln.o, 1/fn,m<PN,0)]0lN,0
n=0 m=0

N 2N-r_]
(D0 [(omo. Ceevrpg) + wnlono owovpg)  (B141)
p=0 ¢g=0

oN-n_

N
+ Z Z Wh,m (PN,0 Wn,m‘ﬁp,q)]]ap,q = (¢n.0, anf>,
n=0 m=0
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N 2N-n_j
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[V, Coeono) + 0 Wrs 0R0) + D D Wam s, Ynmeon,0) |

n=0 m=0

N 2N-r—

+ I:Z() Z() [(Wr,s, Cff‘ﬁp,q) + wn (Yrs, (PN,OWp,q)
p=0 g=

N 2N-—n_1

(3.142)

+ Z Z wn,m("/’r,s» wn,m'(//p,q{l]ap,q = (Tpr,s’ ng,f),

n=0 m=0
r=0,...N—1, s=0...2N"7"_1.

In matrix notation these equations have the following form

AanN,0|N,0 e aN,0|1,2N_1—1 anN .0
AN—-1,0|[N0 -+ aAN_10]1,2N-1-1 OUN-1,0
. X
Ay N=1_1|N,0 +-+ Q1 2N-1_q|12N=-1_] Oy oN-1_1
(N0, Cen f)

(Wn=-1,0, Cen f)

(Wi ov-1-1, Cen )
with

an,o0/N.0 = (¢n.0, Cee@n.0) + WN{PN.0, <P12v,o)
N 2N

+Z Z wn,m(ﬁoN,OaWn,m(pNﬂ)’
n=0 m=0

an,0ip.qg = (¢N,0, Cee¥p.q) + WN(ON0, ON.0Yp.q)

N 2N
+Z Z wn,m(‘/’N,Oa‘ﬁn,mwp,q)a
n=0 m=0

Ay s|N,0 = (Vr,s, CééwN,O) +wy (W, </712v,0>
N 2N

+Z Z wn,m(wr,s: 1//n,m(PN,O>,
n=0 m=0

Ar,s\p,qg = (Vrs, ng 1pp,q) + wy{Yrs, 1pp,q("N,0>

oN-n_1

N
4+ Z Z Wn,m (‘pr,w wn,m‘pp,éﬂ'
n=0 m=0

(3.143)

(3.144)

(3.145)

(3.146)

(3.147)
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These expressions can be simplified using the relations

2 _3N 2N _N
(on.0, PN o) =272 dt =277, (3.148)
0

2N
(ON.0s Ynmon o) =27V Y (1) dt
0

2N
=2"N272 V"t —m)dt (3.149)
0

N=1_y

— 2 Vo4 / V@) dz

2N

(ON.0 YnmVpg) =277 [ O 0 dr

=277 8pBimg. (3.150)
leading to
N
anoN,0 = [{en.0, Ceson,0) + wn2™ 2], (3.151)
N
an0ip.q = [{eNn,0, Cee¥pq) +27 Zwp 4], (3.152)
N
arsiN,0 = [{(Yrs, Cee¥N0) +27 2wpsl, (3.153)
and

_N
Ars\p,g = [(Wr,s» Cééwp,(ﬁ +wy272 (Sr,pas,q
N 2N-n_q (3.154)

+Z Z w”vm“yr,s’ wn,mﬂbp,q)].

n=0 m=0

Special case of stationary signal and non-stationary noise. At the time being no
assumptions about stationarity have been made, neither for the signal £ nor for the
noise n . The situation is simplified substantially, if the signal & is stationary and only
the noise 7 is non-stationary. In this case one obtains

2N N
(on.0, Ceepn o) = 2Nf / Cee(s — 1) ds dt, (3.155)
0 0
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2N
_N+p _
(@0, Cestrpg) = 2 / / Cee(s — g 2Pt — q)di ds

N+p 2pq+2p !
/ / Cee(s —t)drds (3.156)
2Pq

_ N+p 20q+2°
-2 / / ng(s—t)dtds,
0 Jargyort

r+p

(Vs CeeWpq) —2—/ f Cee (1’ =)W QR ™1 — )Y Q71 — g)dr’ di

N 254271 popg4or]

_rtp 1 l

=272 [/ / ng(t —t)dt dt
2Pq

Ts42rTh naPg 40P
/ Cee (t' — 1) dt’ dt (3.157)
2

/ pg+2pr-1

/ Ts+2" /2Pq+21’ !
2 25— 1

/2’s+2' /2”(1—}-2[’

Cee (t' — 1) dt’ dt

Cee (t' — 1) dt’ d1].

2 5427 1 2pq+2p—l

Introducing the abbreviation

b pd
I(a,b,c,d) := / / Cee(t' — 1) dr' dt, (3.158)
a c

the following expressions for the scalar products are obtained:

and

(@n.0, Cerpn0) =27N1(0,2V,0,2V), (3.159)
(N0, Cee¥pq) =272 [1(0,27,27¢, 27¢ +2777) (3.160)
—1(0,2N,2Pg +2P71 2Pg +2P)],
Vs CeeVp) =27 T U Q5,25 +2771,27, 27 + 277
I s 2 g 127 2P 2P 4 2P
@'s + s+27,27q.27¢ +27) 3.161)

—1(25,2"s + 2771, 2P +2P71 2Pg 4 2P)
+ 12 s +2"71 205 427, 2Pg 42771 2Pg 4 2P)].
Since for the most common types of covariance functions Cgg closed expressions

can be given for (3.158), the computation of the Galerkin matrix can be done very
efficiently.
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Numerical example. For a numerical test a stationary signal £ is chosen having a

covariance function :

1+ (a1)?’

This signal is investigated on the interval [0, T'], T = 512. For the noise n two types
of white noise are used:

Cee (1) = (3.162)

¢ On the interval [0, %] white noise with the variance 012 =4.0.

¢ On the interval [%, T] white noise with the variance 022 =1.0.

The first step is the generation of a sample of the stationary signal & . For this purpose
the following algorithm is applied:

¢ Generation of N = 512 independent random variables n;,i = 1, ... 512, which
are equally distributed on the interval [— %, %] and which have unit variance.

* Computation of the covariance matrix
C=(cj)=Ce—j), 1i,j=0,...,51L (3.163)
* Cholesky decomposition of the covariance matrix
C=LL". (3.164)

* Construction of the signal
i
&= lyn, i=1,..512. (3.165)
j=1

With the help of the rules of covariance propagation it can be shown that & has the
covariance function Ce:

i J
Elgig) = E{ Y tune Y lym| = Etn LT Ln) = LLT = Cee.
k=1 =1

Figure 3.50 shows a sample of the stationary signal & without and with superimposed
noise. For the functional f two instances are chosen:

fii=¢0,128 and f2 := @p 384. (3.166)

Since & is a rather long-scale featured process, with a reasonable degree of approxi-
mation

§(128) ~ (f1,§), &84 =~ (f2,§) (3.167)
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Figure 3.50. Noisy signal

holds. The first estimator f] works in a signal region with a high noise variance the
second f> in a signal region with a low noise variance. Due to the fact that & and n
are uncorrelated, Cg, = Cgg is true. Now all previously compiled results can be used
here:

b d 1 .
I(a,b,c,d) = — dt' dt
@b, c,d) _/a /C 1+ a2t —1)?

1 ab pad 1
. _dxdy
o? /ola /;c 1+(X—y)2

%[a(b — ¢) arctan(a(b — ¢)) — %ln(l +a’(b—0c)?) (3.168)

—a(b — d)arctan(a (b — d)) + % In(1 + &*(b — d)%)

—a(a — c)arctan(a(a — ¢)) + %ln(l + ozz(a - c)z)

+a(a — d) arctan(a(a — d)) — % In(1 + o*(a — d)»)].
With the help of the formulae (3.159)—(3.161) and (3.168) the Galerkin matrix can be
computed. Figure 3.51 shows the structure of the Galerkin matrix for the non-stationary

noise, given by the wavelet coefficients of its variance:

wy =25, wnyo=15w,, =0 else.
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150

Figure 3.51. Galerkin matrix

Also the right-hand side can be computed easily

{(on,0, Cen fi) = (on,0, Cee@o,i)

v AN ES |
_ — 4 !/ !/
=2 2/ / Cég(l‘ —t)dt dt
0 i

—275710,2V.i,i + 1),
and

(wr,h CEnfi) = (lﬁr,s, C§€§00,i)

, 254271 il
=272 / / Cee(t' — 1) dt’ dt
l

2r's
2" 542" i+1
— / Cee(t' — 1) dt’ dt
=25 (1(2’s, Vs 42 i+ 1)

rs+2r—1 Ji

L I@ s 42 s 2 i+ 1)) .

The solutions a;, i € {128, 384} are displayed in Figure 3.52.

Clearly, the prediction is basically a weighted mean of the data in the neighborhood
of the value which has to be predicted. The stronger the data noise the more smoothing
this weighted mean is. In Figure 3.53 the noise-free signal and its prediction are
compared.
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Figure 3.52. Predictors
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Figure 3.53. Non-stationary prediction

Obviously, the lower the noise is, the better is the prediction. In Figure 3.54 the
result of the usual stationary prediction is displayed.

A comparison of the results shows that the non-stationary prediction yields better
results, especially in the area of lower noise. The price which has to be paid is that
in the non-stationary case the very efficient tool of FFT cannot be applied, which
increases the computational load.
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Figure 3.54. Conventional prediction

3.4 Operator approximation

3.4.1 Wavelet compression of operator equations

Many tasks have an integral or a differential equation as mathematical description.
Since these infinite dimensional objects cannot be treated in a computer, they have
to be approximated on finite dimensional subspaces. Depending on the choice of the
approximating subspace and its base, the approximation of the corresponding operator
can be more or less efficient. In many cases the approximation on spaces of an MRA
is especially useful.

Consider operator equation

g(x) Z/RK(X,y)f(y)dy, feH, geH. (3.169)

This operator equation is to be solved by the Galerkin method. The basic idea of
Galerkin’s method is to look for an approximate solution f; not in the whole space
H but in a finite-dimensional subspace H, C H. If {¢1, ..., ¢,} is a base of H, the
approximate solution f, has the structure

fo0) =) eigi(x) (3.170)
i=0
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with unknown coefficients «;. This leads to the Galerkin equations:

N
/ (/ (K(x,y)'zaiwi(y))dy> wk(x)dx=/g(X)-<pk(X)dx, k=0,...N.
R \/R o R

(3.171)
Setting

%:AAM%WMMWWM,M:AﬁWNML (3.172)

the linear system of equations
N
> aiai =bi, k=0,...N (3.173)
i=0

for the coefficients «; is obtained. The representation of the Galerkin solution can be
done with the help of those coefficients by

N
NG = ai - gi(x). (3.174)

i=0

Usually, the dimension of the matrix (3.172) is very large. Therefore direct methods
like Cholesky decomposition cannot be applied. On the other hand the matrix entries
can be computed very easily. Thus the equations could be solved by iterative methods
like Conjugate Gradients iteration. If CG is applied, the matrix has not to be stored
in the computer’s memory but can be computed on the fly. Unfortunately, the rate of
convergence of the CG iteration is proportional to

_m=h

_ K= 3.175
) ( )

0

with u being the largest and v being the smallest eigenvalue of the matrix (3.172).
This lead to convergence rates very close to 1, which means a very slow convergence.

The rate of convergence can be increased by pre-conditioning. Let C be a regular
matrix and let us abbreviate (C ")~ by C~T. Then the two systems of linear equations

Ax=b and AX =b, (3.176)

with B ~
A=CAC", i=CTx, b=Cbh (3.177)

are equivalent. Since
c'ca=c'cac’'ch=cTwcachHc T=cTac™ T

holds, the matrices A and CT C A have the same spectrum. Hence the convergence rate
of the CG iteration for the equation AX¥ = b can be increased if CTC ~ A~! holds.
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The conditioning matrices C could be computed by a Cholesky decomposition of A.
Unfortunately, for a fully occupied matrix A the numerical effort for the Cholesky
decomposition is quite close to the total effort for the solution of Ax = b.

The situation changes, if the matrix A is sparse. In this case during the process
of Cholesky decomposition the fill-in occurring in the computation of the Cholesky
factors could be neglected, which leads to sparse pre-conditioning matrices C. In this
case CCT ~ A~! holds only approximatively but this will already be sufficient to
speed up the convergence. One method to generate a sparse Galerkin matrix is to use
wavelets as base functions.

The structure of the matrix A := (ag;) strongly depends on the choice of the
base functions ¢;. The use of wavelets as base functions leads to a sparse matrix and
provides a lot of numerical advantages.

Wavelets. Let {0} C --- C V, C Vi C Vp C V_1 C --- C Lz(R) be a multi-
resolution analysis of Lo(R) and let ¢ be the scaling function of this MRA. One
possibility for the choice of base function is to use the Riesz base of Vj :

@i (x) 1= p(x — k). (3.178)

This leads to the following expression for the coefficients of the Galerkin matrix:

aki:=f/K(x,y)<p(y—i)dy<p(x—k)dx
RJR

=//K(x+k,y+i)g0(y)go(x)dydx (3.179)
R JR

If the correlation length of the kernel K is large compared to the scale of ¢, the scaling
function ¢ acts approximatively like the delta distribution, i.e.

ari ~ K(k,1) (3.180)

holds. This has the advantage that the elements of the Galerkin matrix can be computed
very easily but it has also the disadvantage that the resulting Galerkin matrix is fully
occupied. The scaling function ¢ is connected to the corresponding wavelet ¥y and to
the scaling function of the next coarser scaling space by the so-called scaling equations

o(x) =V2) hip(2x — k), (3.181)
keZ
Y(x) =2 grp@x — k). (3.182)

keZ
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The space Vj can be decomposed into Vo = V| & W;. Hence the base of V| & W; can
also be used for the solution of the Galerkin equations.

1 1 _ . _
3 [ (Zkaond” vy —idy)oey — o ds

i€Z

+ %/ (ZK(X’ nd -y @y - i)dy)w(fly —k)ydx  (3.183)
R i€l
= % /Rg(X) o7 'x — k) dx.

1
5 A (ZK(X, y)cl(l) . (p(z—ly —1) dy)w(z—ly . k)dx

i€z

+ %/R (ZK(X, y)di(l) . lﬁ(2_1y _ i)dy)xﬁ(z_ly k) dx (3.184)

i€eZ
1
— 72/Rg(x) Y27 'x —k)dx.

This again is a system of linear equations for the coefficients cfl), di(l) and with the
help of this equation the solution of the operator equation can be approximated by

1 (1) —1 . 1 (D -1 .
- 2 ¢ 2 — _ 2 d 2 — ). 3.185
fx) \/_ie ¢ 92 x —i)+ fie Y2 x =) ( )

The change to the alternative representation of the solution has the consequence that
the Galerkin matrix is partitioned, i.e.

1 2
A = [aﬁi a’ff} (3.186)
Ui i
with
1
@y = E/R/RK()C,y)w(Z‘ly — )7 'x —k)dydx, (3.187)
1
ag; = E/R/RK()CJW(Z‘W - e 'x —k)dydx, (3.188)
1
aj; = E/R/RK(X,)’)‘PQ_I)’ — DY 'x — k) dydx, (3.189)
1
al; = E/R/RK(X’”WZ_IY — Y2 'x —k)dydx. (3.190)

The advantage of this partition is that the coefficients a,‘(‘i are very small, since they
represent the shortest wave-length component of the kernel K and this kernel was
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supposed to be of a very long wavelength nature. Hence the change from a base of
Vo to a base of V| @& W) changes the character of the Galerkin matrix to a sparser
structure. On first sight, this has to be paid by a more complicated computation of the
matrix elements, since the support of ¢(27'x) and (27 'x) is twice as large as the
support of ¢(x). But due to the scaling equations the coefficients a,il. can be computed
recursively from the coefficients a;:

1 —_ . —
ay =§fR/RK(x,y)90(2 'y =@ 'x —k)dydx

=//K(x,y)Zhlqa(y—Zi—Z)th<p(x—2k—m)dydx (3.191)
R JR

leZ meZ
= Z Z / / Kx, oy —Do(x —m)dydxh;_2ihm 2k
1eZ mez* R I/R
= Z Z aimhi—2ihm—2k.
leZ meZ

In a quite similar way the recursions for the remaining parts of the Galerkin matrix
can be found

ag; = Z Z aim&1—2ihm—2k, (3.192)
leZ meZ

al?i = Z Z armhi—2i gm—2k, (3.193)
leZ meZ

al?i = Z Z Alm 81—2i 8m—2k- (3.194)
leZ meZ

A closer inspection of these recursion equations shows that the matrix A(!) is the two-
dimensional wavelet transformation of the matrix A = (ay;). In a quite analog way the
right-hand side of the Galerkin equation can be considered as the wavelet transform of
the inhomogeneity g. The advantage of this procedure is that it transforms the Galerkin
equation into a sparse form.

Example 3.4.1. Let us consider the integral equation

/R K(x.y) () dy = g(x) (3.195)

with the kernel .

1+ a(x —y)?
which is displayed in Figure 3.55. The scaling space Vj spanned by the scaling function
of the Daubechies wavelet of order N = 2 is chosen as approximation space. The
scaling function is displayed in Figure 2.39, p. 94. The entries a;; of the Galerkin
matrix are computed by (3.172) and they are displayed in Figure 3.56.

K(x,y) = , a=10"* (3.196)
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Figure 3.55. Kernel of the integral equation

0.0 51.2 102.4153.6204.8256.0307.2358.4409.6460.8

460.8
409.6
358.4
307.2
256.0
204.8
153.6
102.4

51.2

0.0
0.0 51.2 102.4153.6204.8256.0307.2358.4409.6460.8

Figure 3.56. Galerkin matrix with respect to the base of V|
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The Galerkin matrix has a ridge along the main diagonal and decreases slowly
towards the edges of the matrix. All in all, the matrix is far from being sparse and all
matrix entries have to be taken into account for the solution of the resulting system of
Galerkin equations.

The maximal and minimal eigenvalues of A are

w=216.79, 1=12375-10",
which leads to a convergence factor of

= B = 0.99999999988538.
uw+ A
It can be expected that the iteration error ||x — x, || is reduced in each iteration step
of the CG iteration by the factor p only, and the convergence is very slow. Possibly,
the convergence can even be prevented by the rounding errors. Figure 3.57 shows the
iteration errors of the CG iteration in a logarithmic scale.

6

4

log (error)
|
[\S)
i

s YVVVWM o ik A

A VWW! \‘/ T L U

0 100 200 300 400 500 600

number of iterations

Figure 3.57. Norm of the iteration errors in logarithmic scale

In the beginning the error decreases quite fast, but in the end the interaction of the
low rate of convergence and of the rounding errors prevents the computation of an exact
solution. An error of about 10~8 remains independent of the number of iterations.

Since Vo = W1 & Wr @ --- @ Wy & Vy holds, the base of Vj can be replaced by
the base of W1 @ Wr @ --- @ Wy @ V. The transformation of the Galerkin matrix
from the base of Vj to the base of W1 @ Wr @ --- @ Wy @ Vi can be accomplished
by two-dimensional wavelet transformation with respect to the Daubechies 4 wavelet.

The result of this transformation is shown in Figure 3.58. It is clearly visible
that the transformed matrix has only a very small number of dominant matrix entries.
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51.2 102.4153.6204.8256.0307.2358.4409.6460.8512.0
512.0 512.0

460.8 460.8
409.6 409.6
358.4 358.4
307.2 307.2
256.0 256.0
204.8 204.8
153.6 153.6
102.4 102.4

51.2 51.2

51.2 102.4153.6204.8256.0307.2358.4409.6460.8512.0

Figure 3.58. Wavelet transformed Galerkin matrix

All the other entries are small but not exactly equal to zero. The next step will be a
thresholding. All elements with a modulus smaller than 107 - |A| will be replaced
by zero. The skeleton of the thresholded matrix, i.e. all elements which are different
from zero are displayed in Figure 3.59.

51.2 102.4153.6204.8256.0307.2358.4409.6460.8512.0
Il Il Il Il Il Il Il Il Il

512.0 512.0
120

460.8 | +460.8
409.6 - +409.6 100

358.4 | 1358.4
307.2 | 1-307.2 80

256.0 - +-256.0
60

204.8 | l-204.8
153.6 +153.6 40

102.4 +102.4
20

51.2 - L 512
T T T T T T T T T 0

51.2 102.4153.6204.8256.0307.2358.4409.6460.8512.0

Figure 3.59. Skeleton of the wavelet compressed matrix

Now the conditioning matrix C can be computed by incomplete Cholesky de-
composition and can be used for pre-conditioning of the Galerkin equation. When
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preconditioned, the convergence is much faster and the results are much more precise
than for the usual CG iteration. In Figure 3.60 the iteration errors of the preconditioned
CQG iteration are again displayed in a logarithmic scale.

RN

5

-10

log (error)

-15 )

=20
0 10 20 30 40 50 60

number of iterations
Figure 3.60. Norm of the iteration errors of the PCG iteration

It is clearly visible that the iteration is much faster; instead of 100 steps and a final
accuracy of 10~ after only 30 steps an accuracy of 10719 is obtained. Hence the use
of a wavelet base for the Galerkin method is proved as a very efficient tool to increase
booth speed and accuracy.

3.4.2 Multi-grid solvers for wavelet discretized operators

We will restrict our considerations to situations where the connection between the
given data and the unknown solution can be formulated as a differential or an integral
equation. The concept of a pseudo-differential operator (PDO) is the generalization
both of the concept of a differential and an integral operator. It is defined as an operator
of the following structure

o.¢]
pu(x) = / i(w) - a(w)e” dow. (3.197)
—o0
In the equation (3.197) the quantity u is the Fourier transform of the signal u. This
means, the application of a PDO on a signal is a three-step procedure:
1. Computation of the spectrum # of the signal.

2. Filtering of the spectrum by the so-called symbol a(w) of the PDO.

3. Back-transformation of the filtered signal into the space or time domain.
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In general, a PDO equation
pu=f (3.198)

cannot be solved analytically. A frequently applied technique for the generation of an
approximate solution is Galerkin’s method.

The idea of Galerkin’s method is not to look for a solution in the whole definition
space of the operator p, but in a finite-dimensional subspace. Let {¢1, ..., ¢,} be a
base of such an n-dimensional subspace. Then every candidate for an approximate
solution is of the following structure:

n

() = ) ui - pi(x). (3.199)

i=1

This leads to the Galerkin equations for the unknown weights u;:
n
Z“ij'”jzbi’ i=1...,n, (3.200)
j=1

where the coefficients a;;, b; are given by

oo oo
ajj == / PYj - Qi dx, b,’ = / f * Qi dx. (3.201)
—00 —00
Equation (3.201) is valid for any kind of an operator p. If the operator p is a PDO,
the coefficients a;; can also be determined by

wzdﬁfwmw@wmwm@ (3.202)

This means that for the establishment of the Galerkin equations it is not necessary to
know the PDO exactly, it is already sufficient to know its symbol a(w).

Multi-grid solvers. Usually the dimension of the Galerkin equations is so high that
it has to be solved iteratively. Generally, it can be observed that an iterative solver
reduces the short-wavelength error constituents in the initial guess for the solution but
leaves the long-wavelength error constituents almost unchanged. For the elimination
of the remaining long-wavelength error constituents a much coarser grid is sufficient.
On such a coarse grid the dimension of the remaining problem is so small that the error
elimination can be performed by a direct solver. This alternating treatment of the same
problem on a fine grid by an iterative solver and on a coarse grid by a direct solver
is the basic principle of a multi-grid method. Multi-grid solvers discretize a given
problem on two hierarchical grids, having the mesh-widths # and H. The discretized
problems are

Apup =by, Apup = bg. (3.203)
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For the restriction to a coarser and for the uplift to a finer grid two operators are
necessary

Uy — Uy, I :Uyg — U, (3.204)
On the fine grid the problem is solved iteratively:
ubt' = Tl 41, 1=0,...,n—1, (3.205)

where T}, denotes the iteration matrix and #;, the constant part of the iterative solver on
the fine grid. The iteration will leave a long-wavelength residual

dp = by — Apuy,. (3.206)
The cause of the residual can be determined on the coarse grid by
vy = Ay (7 dy). (3.207)

After the uplift of the long-wavelength error vy to a finer grid the solution can be
corrected for the long-wavelength errors

up = ull + Iy, (3.208)

This process has to be repeated several times. Compressed into a single formula a
multi-grid solver is of the following structure (c.f. [44]):

ub ™ =T = 1A L AT Uk 4 s (3.209)

For suitable operators p the multi-grid strategy provides a sufficiently high and dimen-
sion-independent convergence speed.

Multi-grid solvers on consecutive wavelet spaces. The solution spaces Uj, and
Ug on two hierarchical grids strongly remind of the hierarchical scaling spaces of a
wavelet multi-resolution analysis (MRA). Therefore it is naturally to identify these
solution spaces Uy, and Uy with two spaces Vj and V| of an MRA. The advantage
of this choice is that the restriction operator / ,{1 and the uplift operator 1}; can be
identified with Mallat’s smoothing operator H and its adjoint H*. From this setting
two important conclusions can be drawn. First, the discretization of the problem on a
coarser grid can be computed efficiently from the given discretization on the fine grid

by a wavelet transformation
Ay = HA,H*. (3.210)

Instead of a new discretization according to (3.202), a single step of Mallat’s algorithm
is sufficient to compute the matrix Ay from the given matrix Aj.
Secondly, it holds

HAPH* .= HUI — I},A, 1 A H?
= HH* — HH*A,'HA,H* (3.211)
= HH* — HH*AR'Ay
=0.
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The interpretation of (3.211) is that the error th has no constituent on the coarse grid.
The error d}f’ is produced by inverting A i instead of Aj,. This means that the direct
solver deals only with the long-wavelength features. The short-wavelength features
have do be dealt with by the iteration operator 7j,. This is only possible if the iteration
operator is a low-pass filter, which means in turn that the operator p has to be a high-
pass filter. In this respect, equations (3.211) characterizes operators which are suitable
for a multi-grid strategy.

Planar Stokes problem. The use of wavelet techniques for the construction of a
multi-grid solver will be tested for two examples: First the Stokes problem in planar
approximation, second the satellite gravity gradiometry boundary value problem.

The planar Stokes problem looks for a function #, which is harmonic in the upper
half-space. The normal derivatives of this function have to coincide with given values
8g at the x3 = 0 plane.

Au(x) =0, x3>0, (3.212)
ou
im0 = 8- (3.213)

Despite the fact that in spherical approximation the Stokes problem is a Robin-type
boundary value problem, in planar approximation the Stokes problem simplifies to a
Neumann problem.

The PDO formulation of this problem is

1 o0 o0
g = pu= —/ / a(w)i(w)e” dw, (3.214)
27 )0 J-oo

a(w) = |ol. (3.215)

The plot of the symbol a(w) up to the Nyquist frequency 7 shows that the Stokes PDO
is a high-pass filter (see Figure 3.61). Hence the construction of a multi-grid solver
for the problem might be useful.

For the MRA, generating a multi-grid solver for the planar Stokes problem, the
simplest possible choice was made: The two-dimensional Haar tensor wavelet. This
wavelet has the following scaling function

e(x) == @(x1) - p(x2), (3.216)
oy = | O=r =] (3.217)
0, else,

[1—e™"]. (3.218)

P(w) =

1
1w~/ 27
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Figure 3.61. Symbol of the planar Stokes PDO

For this choice Mallat’s smoothing operator H becomes

11
(Hu)ij =) Y uwhi-aihi-aj, (3.219)
k=0 [=0
1
ho=h1 = E (3.220)

According to (3.202), the coefficients of the Galerkin matrix can be computed by

., 00 poo L
jjk = 2”/ / a(w)@;jpr dw
e (3.221)
e /°° /Oo |pl et @ —+026-0) g4,
—00 J—00

Obviously, the coefficients al.hj i Of the Galerkin matrix are the Fourier transform of

27 |w||@|* sampled at integer locations. Therefore these coefficients can be efficiently
computed by FFT. For an N x N grid the Galerkin matrix contains N* coefficients.
Fortunately it is sufficient to compute only the N coefficients of a core block. Fig-
ure 3.62 shows the core block for the planar Stokes problem

Only this core block has to be stored in the computer’s memory. The remaining
coefficients can be determined on-the-fly by scanning this core block row wise.

In the examples to be discussed here N always is equal to 64, which means a
4096 x 4096 system has to be solved. In order to test the performance of the resulting
multi-grid solver the Galerkin equations are solved twice: With the usual Gau3—Seidel
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Figure 3.62. Core block for the planar Stokes Problem

iteration and by the multi-grid solver. (Of course, also other iterative solvers e.g. CG-
solvers could be used. Independently from the iterative solver the multi-grid iteration
will have a dimension-independent rate of convergence.) Both iterations start with an
identical initial error distribution, which is displayed in Figure 3.63.

Figure 3.63. Errors of the initial guess

These initial errors consist of a long-wavelength and a short-wavelength part. The
remaining errors after 20 steps of Gauli—Seidel iteration are displayed in Figure 5.64.
The short-wavelength error constituents are completely eliminated, but the long-
wavelength errors are almost unchanged. Only a slight change in its magnitude can
be observed.
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The situation is quite different for the multi-grid solver. The remaining errors after
only 4 steps of multi-grid iteration are shown in Figure 3.65. Here, the long-wavelength
errors are reduced by a factor of about 1000. The short-wavelength errors are so small
that they are not visible in the plot.

0.25
0.2
0.15
0.1
0.05
0

Figure 3.64. Remaining error after 20 Gauss—Seidel steps
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Figure 3.65. Remaining errors after 4 multi-grid steps.

Satellite gravity gradiometry. Solving the satellite gravity gradiometry boundary
value problem means to look for a function u, which is harmonic in the upper half-space
and which, at a certain height x3 = A, has given second order normal derivatives.

Au(x) =0, x3>0, (3.222)
9%u

m|x3:h =T. (3.223)
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The PDO formulation of this problem is

1 o0 o0

I'=pu= —/ / a(w)i(w)e™” dw (3.224)
27 ) oo Joo

a(w) = |w>e™el, (3.225)

In contrast to the planar Stokes problem, here the symbol is the combination of a high-
pass |w|? and a low-pass filter e ~1!. Which of the two components prevails depends
on the orbital height / of the satellite. In Figure 3.66 the symbols for two flight-height
scenarios are plotted.

06 ! ! ! ! ! !
05L.......... .......... ......... ........... .......... -
90 SRS VAN 10 U N S
1 RN A4 RS RN SR SR N
02 b .......... .......... ........... ...........

01 oo .......... ......... e ........... -

0.5 1 1.5 2 2.5 3

Figure 3.66. Symbols of gravity-gradient PDOs for two different orbital heights

The upper curve represents the symbol for an orbital height, which approximately
equals the desired resolution on the ground; for the lower curve the orbital altitude is
twice the desired resolution on the ground. In the first case the corresponding PDO is
almost a high-pass filter and the use of a multi-grid solver seems promising. For the
case of the higher satellite the PDO is a band-pass filter and therefore not suitable for
multi-grid procedures. Hence a multi-grid solver was only constructed for the case of
the low-flying satellite. Again the problem was solved twice: With the usual GauB3—
Seidel iteration and with a multi-grid solver. In both cases 12 iteration steps were
performed. Figure 3.67 shows the development of the error norms for both solvers.

For the Gau3—Seidel iteration the error norm is increasing, which means that the
iteration is not convergent. The reason for this divergence might be the non-perfect
high-pass filter of the underlying PDO.

The multi-grid solver is converging rapidly. After 11 steps 9 valid decimal places in
the solution are obtained. This is more than for the most gravity field recovery purposes
is necessary. For PDOs with a high-pass symbol multi-grid solvers provide an efficient
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Figure 3.67. Error norms for Gauss—Seidel and multi-grid

tool to speed up the convergence of the iterative solution of the corresponding Galerkin
equations. In principal, multi-grid solvers are possible on any kind of hierarchical
grids. On regular grids the solution spaces can be identified with consecutive scaling
spaces of an MRA. This enables the use of wavelet techniques for

* the discretization on different grids,
* the restriction from a finer to a coarser grid,
* the uplift from a coarser to a finer grid.

This technique is not restricted to planar cases. But if the underlying problem is
a planar convolution, all matrices involved can be computed on the fly from much
smaller core matrices. In this case really large problems can be tackled even on a PC.

3.5 Gravity field modelling

Usually, gravity field modeling is understood as the determination of the parameters c;
of a linear combination of known base functions ¢; such that the linear combination in
some sense is an optimal approximation of the gravitational potential V of the Earth:

M
V@)~ g, (3.226)
j=0
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Traditionally, spherical harmonics are used as base functions

PENCESVE)

) +n—m. (3.227)

@j (x) = Hp (),
This spherical harmonics approximation technique has been extensively developed
over the last decades and it is still the most frequently applied method. Nevertheless,
it suffers from the conceptional disadvantage that the support of the base function
covers the whole unit sphere o. As a consequence the change of a single coefficient
c¢;j changes the whole gravity field model. Since the coefficients c¢; are derived from
observations, also the change of a single observation changes all coefficients. In order
to overcome this disadvantage, localized base functions such as harmonic wavelets on
the sphere can be used for gravity field modeling purposes. In general not the values
of the gravitational potential V' but the values of several functionals applied to V are
available for the determination of the coefficients c;. In the general context of Physical
Geodesy such functionals can be

e the gravity disturbancy functional Lig V==xVV,

x|

* the gravity anomaly functional L5V = —(EHV+ %I)V or

x|

« the satellite-gravity-gradiometry functional L3¢V = (li—‘V)zV.

Gravity field modeling by harmonic wavelets aims at the determination of the
wavelet spectrum
WT)V(j,y) =(¥jy, V) (3.228)

from the observed values m; = L;V of certain functionals L; of V. In order to
accomplish this goal, the functionals cannot be arbitrarily chosen but have to form a
so-called fundamental system on o.

Definition 3.5.1. Asetof M = Z;]: » (21 +1) functionals L;, j =1, ..., M is called
a fundamental system of Harm,, ., if the matrix

LiHy_p ... LyH,_,
: : (3.229)
LiHy, ... LyH,,

is regular.

In [35] it is shown that for pairwise distinct x; € o the gravity disturbance
functional Li‘f , the gravity anomaly functionals LxAig and also the satellite-gravity-
gradiometry functionals Lifg form fundamental systems.

For a fundamental system a numerical quadrature formula can be developed, which
computes the scalar product (3.228) from the observed values m; of the functionals.
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Lemma 3.5.1. Let
Vi CVigr C-- C H{ ALY 0) (3.230)

be an MRA of #H({An}, 0). Let f € Vji4, let

2/+1 n
Ui y)= Y > A Hyw(X)Hum(y), (3.231)
n=2i41m=-n

and let L; be a fundamental system of Harmg
as the solution of the linear equations

j+1. If the weights ay,, are defined

.....

20+

SN WiHym)apm =my. k=1,.... M, (3.232)

n=0 m=—n
then

2/+1 n
Wiy /Y= D D aumA;>Hym(x) (3.233)
n=2J41m=-n

holds.

Proof. Since f is supposed to be an element of V; 1, it has the series expansion

2/t g

f: Z Z aann,m-

n=0 m=—n
Fork =0, ..., M holds

2ty

myg = ka = Z Z anmLan,mo

n=0 m=—n

This is a linear system of equations for the coefficients ay,,,, which has a unique solution
since the functionals Lj; form a fundamental system. Consequently

2/+1 n
(Wi /Y=Y Y A Hym @) Hym(), £()
n=2Jj1m=-n
2J+1 n j+1 p
= Z Z A;2Hn,m(x)2 Z apq(Hn,m’Hp,q)
n=2i41m=-n p=0g=—p
2/+1 n

Z Z anmA;an,m(x)-

n=2J41m=-n i
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The lemma shows how the wavelet decomposition of the gravitational potential can
be obtained from the observed values mj; = L of certain linear bounded functionals
of this potential. In this way an almost arbitrary data combination can be used for a
harmonic wavelet representation of the gravitational potential.

Nevertheless, some particularities of this approach have to me mentioned:

1. The approach uses the assumption f € V;;1 C H({A,}, o), which is not
fulfilled in reality. But if the index j is chosen large enough, this is a sufficiently
accurate approximation to reality.

2. Even if only the wavelet approximation (WT) f (i, ¥) on a single scale i is to be
computed, the total number of M = (j 4 1)? linear functionals L are necessary,
which additionally have to form a fundamental system.

3. For the construction of exact quadrature formulas, the solution of a linear system
of equations of the dimension M is necessary for the determination of the weights
anm of these quadrature formulas.

4. Using the fact that the wavelets are rapidly decreasing, approximate quadrature
formulas have been developed, which do not require the solution of a system of
linear equations.

A vast amount of contributions about wavelet analysis comes from the Geomathe-
matical Group of the Kaiserslautern University. For years this group, led and inspired
by W. Freeden, develops the theory and application of harmonic wavelets on the sphere.
In the period from 1999 to 2003 the application of the now mature theory to the anal-
ysis of the Earth’s gravitational and magnetic field was in the focus of the activities of
this group. Papers dealing with the spherical wavelet analysis of the Earth’s magnetic
field are [6], [5] and [4]. General questions related to the representation of scalar and
vectorial functions on a sphere by spherical wavelets are discussed in [7], [26], [25],
[28] and [32]. Since practically no data is noise free also the question of the denoising
of the given signal using spherical wavelets has been discussed in the papers [29], [30],
[31] and [33]. A great impact on geodetic research was made by the launches of the
dedicated gravity field satellite missions CHAMP and GRACE. Naturally, these new
data sources also have been reflected in techniques for the analysis of these data. Paper
which are related to data collected from CHAMP or GRACE are [26], [34], [23], [24],
[69], [70] and [74].






A Hilbert spaces

A.1 Definition of Hilbert spaces

The concept of a Hilbert space is the generalization of the familiar three-dimensional
vector space into infinite dimensions. The typical properties of the three-dimensional
vector space are:

* A scalar product (X, y) between vectors X, y is defined.

* The length |X| of a vector X can be deduced from the scalar product:
|X] = (¥, X).
* There are three mutual orthogonal vectors €1, €;, €3 having unit length.

* Every vector X can be expressed as linear combination of these three base vectors
X = x1€1 + x262 + x363.

* The weights x1, x, x3 in this linear combination are the projections of X to the
corresponding base-vector: x; = (X, &;).
The weights are frequently called coordinates of X with respect to the base
el, e, é3.

* The square of length of a vector is equal to the sum of the squares of its coordi-
nates
X% = xlz +x% —I—xg.

The theory of Hilbert spaces generalizes this concept with respect to two directions:

¢ First, the elements of a Hilbert space do not have to be vectors. They can also
be different mathematical objects.

¢ Secondly, the dimension can be infinite.

In the following, a short sketch of the theory of Hilbert spaces will be given. The
basic building-block of a Hilbert space is a so-called real linear space.

Definition A.1.1. A set V is called a linear space over the real numbers, if two oper-
ations
@:VxV—->V and O:RxV >V, (A.1)

called addition and scaling, are defined having the following properties:

x@y=ydx, x,yeV, (A.2)
xeOYD)=xBdy) Dz, x,y,zeV. (A.3)
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There is a neutral element @ with
xX®0=x, xeV. (A4
For each element x there is an inverse element —x, with
x® (—x) =0. (A.5)

The following distributive laws are valid:

OB Ox)=(af) Ox, xeV, o BeR, (A.6)
(+BOx=@O0x)d(PBOxXx), xeV, a ek, (A7)
aO(x®Y)=(@O0x)®@Oy), x,yeV,aecR. (A.8)

Obviously, the familiar vectors in the three-dimensional space with the operations
“@” = vector addition and “©” = prolongation are a linear space in the sense of the
definition given above. But also other objects, like polynomials of maximum degree
n, form a linear space with respect to the operations

(P& O)() :=P@)+ Q(), (A9)
(¢ © P)():=aP(t). (A.10)

Besides the operations @, ©, the scalar product is the next structure in a linear
space.

Definition A.1.2. A mapping (+,«) : V x V — Ris called a scalar product in V , if
the following relations hold:

(x,y) = (y, x), x,yeV, (A.11)
x®y,z)=x,2)+{y,2), x,y,2z€V, (A.12)
(¢ O x,y) =alx,y), x,yeV, xadeR, (A.13)

(x,x) >0, (x,x) =0 x=0. (A.14)

Again, it is easy to see that the traditional scalar product of three-dimensional
vectors

(X, y) = |X]|y| cos ¢
fulfills all of the above mentioned conditions. Hence it is also a scalar product in the
sense of the Hilbert space theory.

For each linear space with a scalar product an important result, the so-called
Cauchy—Schwartz inequality, holds.

Theorem A.1.1. Let V be a linear space with the scalar product (s, ) then the in-

equality
[{x, I =V {x,x) -y, ) (A.15)

holds.
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Proof. [13]. O
Every Hilbert space has a mapping, which measures the length of its elements.
This mapping is called a norm.

Definition A.1.3. A mapping ||+|| : V — R is called a norm in V, if the following
conditions are fulfilled:

lax]l = laf-llxll, «eR, xeV, (A.16)
xll =0, xev, (A.17)

xl =0 x=0, (A.18)
lx @yl < llxll + Iyl (A.19)

Remark. There is an instructive interpretation for these three conditions
(A.16)—(A.19): The first condition means that the length of a scaled element equals the
length of the original element multiplied by the scaling factor. The second condition
indicates that the length of an element of a linear space always has to be larger than
or equal to zero. The length zero is only possible if the element itself is the neutral
element. The last condition is also known under the name triangle inequality. 1t states
that the sum of the lengths of two sides of a triangle is always larger than the length
of the third side.

Once a scalar product is given, there is a simple way to derive a norm from this
scalar product.

Lemma A.1.1. The mapping || «| : V — R defined by
Ixll == v/ {x, x) (A.20)
isanorminV.

Proof. (A.17) and (A.18) are direct consequences of (A.14).
Moreover,

x| = v/{ox, ax) = Va2 (x, x) = laly/(x,x) = la] - |Ix]

which shows (A.16).
The triangle inequality (A.19) can by proved by using (A.15):

Ix @yl =vV(x®y, x®y) = /(x,x)+2(x,y) + (v, )

<t 00+ 200 0y ) + (0, ¥)
2
=/me+ . )

=[xl + NIyl O
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Besides the norm, derived from the scalar product, there are many other possibilities
to define a norm. Whether a given norm is compatible with the scalar product can be
tested by the so-called parallelogram equation.

Lemma A.1.2. A norm || || is compatible with the scalar product (., ), if and only
if the equation
Ix @ ylI* + Ilx © ylI*> = 2(lx 11> + Iy 1) (A21)

holds.
Proof. [50]. O
With the help of the norm, the concept of convergence can be introduced.

Definition A.1.4. A sequence {x,} C V is called convergent to x € V, if for every
& > 0 there is an index ng = ng(e), with

lx, © x| <& foralln > ng. (A.22)

Every convergent sequence has an interesting property: It is a so-called Cauchy
sequence

Definition A.1.5. A sequence {x,} is called Cauchy sequence, if for every ¢ > 0 there
is an index ng = ng(¢) with

lxm © xnll <&, n,m > no. (A.23)
Lemma A.1.3. Every convergent sequence is a Cauchy sequence.

Proof. Let {x,} converge to x and let ¢ > 0. Then there exists an ng with

n = ny.

I ©xull <5, n=z

Using the triangle inequality (A.16) one obtains for n, m > ng

€
X0 © X || = lx © xu | +llx S xull = 5 + 5 =& o

€

2
It has to be mentioned that the reverse statement is not true. There are Cauchy

sequences which have no limit, as will be shown in the following example.

Example A.1.1. Let V be the set of rational numbers. With respect to the operations
@ =+ and © = -, the set V is a linear space over Q. The scalar product in V is the
usual multiplication of rational numbers and the norm of a rational number equals its
absolute value.

Consider the sequence {x,} = {%; n=0,1,2...} given as follows. Let

a=1, by=2
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and set
{an» (a2 —2)(x2> —2) <0,
ap+1 =
Xy, else;
by, (b2 —2)(x2—2) <0,
anrl =
Xp, else
forn=0,1,2,...
Obviously, [|lx, — x,—1]| = 27"~ ! holds. Hence, for m > n the following relation
ist true:
xm — Xl = |Xm — Xm—1 + Xm—1 — - -+ — X5l

< xm = Xm—1ll + 1Xm—1 — Xm—2ll + -+ - + [|Xn+1 — Xl
— 2—}1—2(1 + 2 + . + 2—m+n+1)
— 2—}1—2(2 _ 2—m+n+1)

< 2—)1—1
On the other hand from the definition of the sequence {x,} follows
lap — byl =27", ap <2 and 2 < b,.
This leads to the conclusion

|xn_‘/§| = |bn_an_‘/§+an_bn + x| < |bn_an|+|an_‘/§|+|xn_bn|
< |bp — anl + lay — by| + lay — by| = 3|by — ay|

=3.27">50 forn— oo.

Since /2 ¢ V = Q, and since a sequence cannot have more than one limit, the
sequence {x,} is not convergent.

The deeper reason for the fact that in the previous example a Cauchy sequence is not
convergent is that the rational numbers are not complete. The space of rational numbers
has — as one might say — holes: The irrational numbers. Therefore an indication of the
completeness of a linear space is that all Cauchy sequences are convergent.

Definition A.1.6. A linear space V with scalar productis called complete, if all Cauchy
sequences in V are convergent.

Now all preparations for the definition of a Hilbert space have been made:

Definition A.1.7. A linear space H with scalar product (., «) which is complete, is
called a Hilbert space.
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A.2 Complete orthonormal systems in Hilbert spaces

So far the concept of a Hilbert space has been defined. We now introduce the dimension
of a Hilbert space. The concept of the dimension of a linear space is closely connected
to the concept of a base of a linear space.

Definition A.2.1. The elements x;, x2....,x, € V of a linear space V are called
linear independent, if

O=010xX1 P O0OXP - Do, Oxp, © a1 =0p=---=0a, =0 (A.24)

holds. Otherwise they are called linear dependent.

Remark. The concept of linear dependence is motivated by the fact that for linear
dependent elements it is always possible to express one element by the remaining
elements: Let for instance x, . . ., x, be linear dependent. Then there are real numbers
o, ..., Q,,such that

O=010x1®---Po, Oxy

holds and at least one «; is not zero. Without any restriction of generality let o1 7~ O.
Then

(%] (o77]
XI=—0Qx®---P O xp
—ay —ay
follows, i.e. the element x| is dependent on x3, ..., Xx,.

Definition A.2.2. The maximal number of linear independent elements of a linear
space V is called the dimension of V.

The idea behind the introduction of linear independent elements in a linear space is
to represent every element of the linear space as a linear combination of the independent
elements. This representation is particularly simple, if the linear space is a Hilbert
space.

Definition A.2.3. Let H be a Hilbert space. Two elements x,y € H are called
orthogonal, if
(x,y)=0 (A.25)

holds. A subset D C H is called an orthogonal system in H, if any two different
elements of D are orthogonal.

If for all elements z € D of an orthogonal system ||z|| = 1 holds, D is called an
orthonormal system.

Remark. The definition of orthogonality is again motivated from the prototype of the
three-dimensional vectors. For two orthogonal vectors X, y the relation

-

- N N T
(®.5) = ¥ [§lcos (5 ) =0
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holds. This motivates the usage of a vanishing scalar product as an indicator of or-
thogonality.

An important property of an orthogonal system is the linear independence of its
elements. Let D = {ey, ez, ..., e, } be an orthogonal system in H and let hold

o =] @el @"'@anQEn-
Then it follows that
0=1(e,0)=a;lej,e), i=1,...,n.

This is only possible for o; = 0,i = 1,...,n, i.e. the elements of D are linear
independent. Since with the help of a linear independent system the representation of
all other elements of a Hilbert space as a linear combination of them is possible, the
question remains, how to choose the weights in this linear combination. The answer
is particularly simple, if the independent elements form an orthonormal system.

Definition A.2.4. Let D = {e,} be an orthonormal system in a Hilbert space H. For
an arbitrary element x € H the numbers

(x,er), k=1,2,... (A.26)

are called the Fourier coefficients of x with respect to the orthonormal system D.

The name Fourier coefficient for the scalar product (x, ex) can be motivated by a
simple example.

Example A.2.1. Let H be the set of all functions x, defined on [—, 7r] which fulfill

the condition .
/ xz(t) dt < o0.

-
Then H is a linear space with respect to the operations (x @ y)(t) := x(¢) + y(¢) and
(¢ ©x)() :=a-x(t). By

1 g
(x,y) = 2—/ x(1) - y()dx
T J-m

a scalar product is introduced in H. The elements
eo =1, ez = 2cos(nt), ezy—1 =~/2sin(nt), n=1,2,...

form an orthonormal system in H. If now, according to (A.26), the abstract Fourier
coefficients are computed, one obtains

(x, eq) = ZL /ﬂ x(t)dt =: ag,

T J-m
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(x, ean) = ﬁ /ﬂ x(t) cos(nt) dt =: a,,
2 J_,

2 b/

(x,em_1) = £/ x(t) sin(nt) dt =: b,.
2 J_y

For the complex numbers a, + 15, holds

T

a, +1b, = ;/—3 x(t)(cos(nt) + 1 sin(nt)) dt

l_ﬂ T
=V2— | x@)e™ dt.
27 J_,

If this is compared to the classical definition (1.1) of the Fourier coefficients, one
obtains (x, e,;,) = V2c¢_,, i.e. the abstract definition (A.26) of Fourier coefficients is a
generalization of its classical definition.

The Fourier coefficients (x, e,) of an element x with respect to an orthonormal
system {ey} define the best approximation of x by the orthonormal system: If one
considers the approximation error r := x — Y | _, (x, ex)ex, the relation

n

(r, en) = (x,€n) = Y (x, ex)ex, en) = (x, €n) — (x, €,) =0
k=1

holds, i.e. the approximation cannot be improved further by the orthonormal system.
An improvement would only be possible if the orthonormal system was enhanced
by additional independent elements. If such an enhancement is not necessary, the
orthonormal system is called complete.

Definition A.2.5. Let {e,} be an orthonormal system in H. The orthonormal system
is called a complete orthonormal system (CONS), if

0=(z,en) & z2=0, n=12,... (A.27)
holds.

For complete orthonormal systems the so-called orthonormal expansion theorem
is valid.

Theorem A.2.1. Let H be a Hilbert space and {e,} be an orthonormal system in H.
Then the following statements are equivalent:

e The orthonormal system {e,} is complete.

* Every x € H has a Fourier expansion

o0

x =) (x.en)en. (A.28)

n=1



A.3 Linear functionals — dual space 225

* For every x € H Parseval’s identity

o0

Il =) " (x, en)? (A.29)

n=1
holds.
Proof. [18]. ]

A.3 Linear functionals — dual space

The theory of Hilbert spaces is the core of a mathematical discipline, called Functional
Analysis. In this context the concept of a functional is the generalization of the concept
of a function. A function is an injective mapping from the real numbers into the real
numbers. A functional is more general, it is a mapping from a linear space into the
real numbers. The linear functionals are especially important.

Definition A.3.1. Let V be a linear space. A mapping f : V — R is called a linear
functional, if the following conditions are fulfilled

fax@y)=7fx)+f), x,yev, (A.30)
f@Ox)=a- f(x), aeR, xeV. (A.31)

If the linear space is equipped with a scalar product the concepts of continuity and
boundedness can also be defined for linear functionals.

Definition A.3.2. Let V be a linear space with the scalar product (e, +). A linear
functional f : V — R is called continuous, if

lim x, =x = nlgrolo [ = fx) (A.32)

n—>oo
holds.

Definition A.3.3. Let V be a linear space with the scalar product (e, ). A linear
functional f : V — R is called bounded, if there is a constant M > 0 with

lf)l =M-|x|l, xeV. (A.33)

In contrast to the case of classical functions, where a continuous function is not au-
tomatically bounded, for linear functionals the concepts of continuity and boundedness
coincide.

Theorem A.3.1. A linear functional on a linear space with scalar product is contin-

uous if and only if it is bounded.

Definition A.3.4. The set V* of all linear, bounded functionals on V is called the dual
space of V.
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If the linear space V is even a Hilbert space H, the elements of the dual space H*
can be characterized by the elements of H. This is the content of Riesz’s representation
theorem.

Theorem A.3.2 (Riesz’s representation theorem). Let H be a Hilbert space. For each
f € H* there is a uniquely determined g € H, such that

fx)=(g.x), xeH (A.34)
holds.
Proof. [60]. O

A.4 Examples of Hilbert spaces

After compiling the most important concepts and theorems of the theory of Hilbert
spaces, now some examples will be given. The examples are all taken from geodetic
applications.

Example A.4.1 (The space of real n-tuples). The space R" of the real n-tuples
x = (x1, ..., x,) form a linear space with respect to the operations

X®y: =1 +Y1,..., X+ Xn),
o Ox = (axg,...,0x,).

This can be proved by verifying that the conditions starting with (A.1) are fulfilled.

XOy=x1+y,.-- s Xn+y) =1+ X1, ..., Y+ X)) =y Dx.

XD =x@ QY1 +z2,-- stz =& +y1+21, ..., X0+ Yn+20)
=1+ YV, Xntyn)Dz=xDy) Dz

xXPO=((x1,...,%)DO,...,0)=(x14+0,...,x, +0)
=(X1,...,X,) = X.
X®(—x)=(x1,..., %) ® (x1 + (—=x1), ..., Xp + (—x)) = O.
aOBOx)=a0 Bix1,...,Buxn) = (@1B1X1, ...,y Buxn) = (@B) O x.

xO(x@y)=aO X1+ y1.-.., % +yn) = (@x1 +ayi, ..., x, + ayn)
=aOxBPaOy.

(@a+B)Ox =+ B)x1,..., (@¢+ B)xy) = (axy, ..., 0xy) & (Bxi, ..., Bxn)
=axOQxPpOx.



A.4 Examples of Hilbert spaces 227

A scalar product in R" can be defined by
n

(X, y) = xieyi (A.35)
i=1

Obviously, the conditions (A.11)-(A.14) are fulfilled:

n n
(X, y) =D xi-yi= Y yi-x=(yx),
i=1 i=1

n n n
Ly @®2) =) xii+z) =) xi-yi+ Y xi-z=(xy+(x2),
i=1 i=1 i=1

n

(x,x) =) xi =0,

i=1

n

(-x, ) =Y (ax)yi=a ) xi-yi=alxy).

i=1 i=1

Hence the norm in R” is

(A.36)

Let now {x,} be a Cauchy sequence in R". Then for every i € {1, ..., n} one has

n

i = Ximl =/ Gin = Xim)? < | D @i — Xim)2 = X0 — Xl.

i=1

Since {x,} is a Cauchy sequence, each component {x; ,} is a Cauchy sequence in R.
Due to the completeness of R there are limits of all component sequences

lim x;, = x;.
n—oo

Therefore, for every ¢ > 0, there is an ng = ng(¢) with

|xi — xinl < n > ng.

£
Jn'

Hence

n n 2
e = xall = | D i = xi)? < Z(%) =e.

i=1 i=1
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Consequently, {x, } converges to x and therefore the space R” is complete, i.e. R" isa
Hilbert space.

A set of vectors {eq, ..., ey} C R" is linear independent, if the matrix
€11 €21 ... €1
e12 €2 ... ek
E =
€ln €2n --- €kn

formed from these vectors has the full rank. Since the rank of an n x k matrix cannot
exceed n, the maximal number of linear independent vectors in R”, the maximal
number of independent vectors is n. Hence the dimension of R” equals n. It is easy
to see that the vectors

e1 =(1,0,0,...,0), &2=1(0,1,0,...,0),...,¢, =(0,...,0, 1)

form a complete orthonormal system in the Hilbert space R": Obviously,

n

(eiej) =Y eikejx = B

k=1

holds, which means that the ¢; are orthonormal. Furthermore, if for an arbitrary x € R”
the relation
0={(x,e;), i=1,...,n (A.37)

is valid, then

n
0=(x,e;) :Zxkei,kzx,- i=1,...,n,
k=1

follows, which implicates x = 0. Therefore the orthonormal system {eq, ..., e} is
complete. This orthonormal system is frequently called the canonical base of the
Hilbert space R".

Let f be an arbitrary linear functional from the dual space (R")*, and let

gi=f(e), i=1,...,n.

For the vector
g:=1(g1,....8n) €R"

holds . . .
fx) = f(ZXk€k> =Y xifle) =) xigk = (8. %).
k=1 k=1 k=1

Ergo, the vector g is the Riesz-representer of the linear bounded functional f.
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Example A.4.2 (The space of complex 2N-tuples). The space C>V of the complex
2N-tuples x = (xp, ..., xany—1) forms a linear space with respect to the operations

x@y:=(x0o+y0,...,X2N—1+Y2N-1),
o Ox:= (axg,...,0X2N—1).

The scalar product in C?V is defined in the following way:

2N—1

(x, )= Y xi% (A.38)
=0

and the norm is again
lxll := v/ (x, x).

The linear space C2V is a Hilbert space with respect to the scalar product (A.38).

Besides the canonical base there is a different complete orthogonal system in C”,
the so-called discrete trigonometric base.

Definition A.4.1. The vectors

foi= (e NIRRT ot ENTDKE [ e NEDRR o, (A.39)
k=-N,...,.N—1

are called discrete trigonometric base.

It is easy to see that the discrete trigonometric base forms a complete orthogonal
system in C?V . The Fourier coefficients of a given vector g with respect to the discrete
trigonometric base have a special meaning.

LemmaA.4.1. Letg; := g((i—N)%),i =0,...,2N—1landg == (go, ..., 82nN—1).
Then the Fourier coefficients of g are identical with the DFT (1.35), see p. 11, of g:

én=1(2, f), n=-N,...,N—1. (A.40)

Proof. With the relation (1.35) the following is true:

N—-1
(@ f)= ) gene MV
k=—N
N—-1 T
—knZX
= > glko)e ¥
=—N N

=Gy O
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Let & be an arbitrary linear functional & € (C?)*, and let hy = h(fy) =

h((e™ NIRRT et ENFDAT - omtN=DKF ) 19 N, then for every x € C2V holds
N-—1 N-—1
hw =h( Y wfi)= Y wh(fi)
k=—N k=—N

= Zxkh_k
N—1

= <x, Z hkfk>.
k=—N

Hence the Riesz representer of £ is ZII{V:_I N e fr

Example A.4.3. The space of summable sequences of complex numbers
Let /5 (C) be the set of all complex sequences {x,}, fulfilling

Z |xn|2 < 0.
nez
The set [ (C) forms a linear space with respect to the operations
x @y = {xn + ya},

o O x = {ax,}.

The operation

(X,¥) =Y Xan

nez

defines a scalar product in ¢, (C), and with respect to the norm

Ixll = Vix, x) = [> |xal?
nez

the set [o(C) is a Hilbert space.

Example A.4.4. The square integrable functions on [—r, 7]

Definition A.4.2. Afunction f : [—7, 7] — Riscalled square integrable on [—m, 7],
if the relation

’ fAx)dx < oo (A.41)

—7T

holds. The set of all square integrable functions on [, ] is denoted by L, ([—m, 7]).
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With respect to the operations
(f@W) = f(x)+gkx) f geLl-mn)) (A42)

@O fHix):=a- f(x) fel([-nmn]),xelR (A.43)

the set Lo ([—m, 7r]) is a linear space. A scalar product can be introduced by

(f. &)= fx)-g(x)dx. (A.44)

-7

With respect to the scalar product (A.44) the linear space L,([—m, w]) becomes a
Hilbert space. The dimension of Ly ([—m, m]) is infinite and the trigonometric func-
tions

1
{e_”” 2—} , nez (A.45)
T

form a complete orthonormal system. The Fourier coefficients with respect to this
orthonormal system are proportional to the classical Fourier coefficients:

<e—lnx L,f(X)>= /L‘/ﬂ f(x)elﬂxdxzmcn.
V 27 2w J o

Let again & be an arbitrary linear bounded functional on Ly[—m, ]. Define

1
hy:=h (e_””‘ 2—) , nez (A.46)
b1

and then the Riesz representer of % is given by

Zhne_mx\/;-

nez

Example A.4.5 (Square integrable functions on [—1, 1]). A function f : [—1, 1] —
R is called square integrable on [—1, 1], if the relation

1
/ fH(x)dx < oo (A47)
~1

holds. The set of all square integrable functions on [—1, 1] is denoted by L, ([—1, 1]).
With respect to the operations

(f@ W) = f)+gk) fgel-1,1]) (A.48)

@O fHix):=a- f(x) fel([-1,1),xeR (A.49)
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the set Lo([—1, 1]) is a linear space. A scalar product can be introduced by

1
(f8) = / @ g dx. (A.50)

With respect to the scalar product (A.50) the linear space L, ([—1, 1]) becomes a Hilbert
space. There are several complete orthogonal systems in Ly([—1, 1]) which will be
introduced now.

Lemma A.4.2. Let m > 0. Then the so-called associated Legendre functions

(m) . _ 2\m/2 1 dn+m 2 1\
P = (1= )" ot = ) mzm (A.51)
fulfill
2 !
(P{™, Py = _2 Emt s m (A.52)

S 24 l(m—m! "

For an arbitrary but fixed m the Legendre functions (A.51) are orthogonal but not
orthonormal in Ly ([—1, 1]). Hence, by simply normalizing the Legendre functions, a
complete orthonormal system in L, ([—1, 1]) is obtained.

Lemma A.4.3. The functions

_ 2n+1(m —m)!
P (1) = ,/T(HJr—m)!P,f’“’, n=m (A.53)

are called fully normalized Legendre functions. They form a complete orthonormal
system on Lr([—1, 1]).

Example A.4.6 (Square integrable functions on the unit sphere o). A function
f 10 — Ris called square integrable on o, if the relation

/ fH(x)dx < oo (A.54)

holds. The set of all square integrable functions on o is denoted by L (o).
With respect to the operations

(fOYPX) = fx)+gx) f g€ L), (A.55)
(@O Hix):=a- f(x) feLlyo),aeR (A.56)

the set L (o) is a linear space. A scalar product can be introduced by

(f.8) 1=ff(X)~g(X)dX- (A.57)

With respect to the scalar product (A.57) the linear space L,(o) becomes a Hilbert
space.
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Now local surface coordinates are introduced in o':

sin(?) cos(A)
x:=| sin(?)sin(A) | €0, ¥ €[0,n], A €[—m, 7]
cos(1})

In these local coordinates the scalar product is expressed as

(f g) = f [ £, Vg (@, ) sin(®)dA do. (A.58)
0

7T

With the substitution ¢ := cos(}) the representation

1 b4
(f, )= / f(arccost, L)g(arccost, A) d)\dt (A.59)

-1J-n
can be found. Recalling example A.4.5 and example A.4.4, a complete orthonor-
mal system of L,(o) can be found by P,fm)(cos D)etm % n=0,1,..., m =

0,...,m,since

_ 1 - 1
<P,f'”)(cos 9)e'™* [ —, P\ (cos 19)€lqu _>
2 2w
T v 1 5@ |
= / / P)’Em) (COS ﬁ)elm . qu (COS ﬂ)elq)L —sin ¥ dA dv
0 - 27 27

T _ b1 - 1
:/ P;m)(cosﬂ)PIS‘”(cosﬁ)sinﬁ/ Motk gy dy - —
0 - 27

(qu
T = -
= / P (cos 9) P\"™ (cos ) sin & dA d?d
0
= SnpOmg-

Changing from the complex to the real notation of the orthonormal base in L (o) the
so-called surface spherical harmonics are found.

Definition A.4.3. The functions

= 1 f_’(lml)(cos B)cos(mr) , m >0
Yom @, 2) 1= [ ———< 1 (1)) , - (A.60)
7(1+8on) | P, (cos®)sin(jm|r) , m <O

are called fully normalized surface spherical harmonics.

Lemma A.4.4. The fully normalized surface spherical harmonics Yy, form a complete
orthonormal system in L,(0).
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For later use an important property of the fully normalized surface spherical har-
monics will be given now:

Lemma A.4.5. Let (9, 1) and (%', X)) be two points on the unit sphere o. Let  with
cos Y = cos ¥ cos ¥’ + sin ¥ sin ¥ cos(A — ') (A.61)
be the spherical distance between these two points. Then

4 A -
T 2o Y@ Tan @0 (A.62)

m=—n

P,fo) (cosyr) =
holds.

A.5 Linear operators — Galerkin method

Besides linear functionals, mapping a Hilbert space into the real numbers, also linear
operators, mapping a Hilbert space to another Hilbert space, have to be considered.

Definition A.5.1. Let G, H be two Hilbert spaces. A mapping T : G — H is called
a linear operator from G to H, if

Txoy)=Tx+Ty, x,yce€aq, (A.63)
TlaoOx)=a-(Tx), aeR, xeG (A.64)

holds.

Definition A.5.2. A linear operator T : G — H is called bounded, if an M > 0 exists
such that
ITx|lg < llxllg, forallx € G (A.65)

is true. The space of all linear bounded operators is denoted by L(G, H).
Definition A.5.3. Let H be a Hilbert space. An operator T € L(H, H) fulfilling
(Tx,x) = y|xl?, ¥ >0, (A.66)

for all x € H is called strictly positive.

Definition A.5.4. Let H be a Hilbert space and let T € JL(H, H). An operator
T* € L(H, H) is called the adjoint operator of T, if forall x,y € H

(Tx,y)=(x,T"y) (A.67)

holds.
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If an operator coincides with its adjoint operator, it is called a self-adjoint operator.

Definition A.5.5. Let H be a Hilbert space. An operator T € L(H, H) is called
selfadjoint, if
(Tx,y)=(x,Ty) (A.68)

holds forall x € H.

Let us consider the operator equation
Tx=y, x,y€H. (A.69)

The operator equation (A.69) has a unique solution, if T is strictly positive. In this
case numerical methods have to be constructed for the approximation of the unique
solution. One frequently used technique is Galerkin’s method. The basic idea of
Galerkin’s method is to search for a solution of (A.69) not in the complete Hilbert
space H, but in a finite dimensional subspace H, C H. Let {ey, ..., e,} be a base of
H,, then the approximate solution x, € H, has the following representation:

n
Xo= ) aj-ej. (A.70)
j=1

No matter how the weights o are chosen, it cannot be expected that x,, fulfills the
operator equation (A.69) exactly. There always remains a residual

n
ri=y-— Zaj -ej. (A.71)
j=I

A reasonable choice for the weights «; is to make this residual as small as possible.
In the context of Galerkin’s method a residual is considered small, if it is orthogonal
to all base functions:

n

0= (re)=(y.ei)— Y (Tej e, i=1,....n. (A72)
j=1

The equations (A.72) are a linear system of equations for the determination of the
unknown optimal weights o;. They are called Galerkin equations. The convergence
of Galerkin’s method is described by Cea’s lemma.

Theorem A.5.1 (Cea’s lemma). Let H be a Hilbert spaceand T € [L(H, H) a strictly
positive operator. Then equations (A.69) and (A.72) have unique solutions x, x, and

M .
X — x|l < M Jnf lx — vf| (A.73)

n

holds.
Proof. [44]. O
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A.6 Hilbert space valued random variables

Let H be a Hilbert space with the scalar product (e, «) and let [Q2 4, P] be a probability
space.

The mathematical model for a random event giving real numbers as output is a
random variable. Random variables are mappings from a probability space to the
real numbers. In many applications the result of a random event is not only a single
number, but a time or space dependent function. If these functions are members of
some Hilbert space, these random events can be described mathematically by a Hilbert
space valued random variable.

Definition A.6.1. A mapping & : [Qw, P] — H is called Hilbert space valued
random variable.

For a Hilbert space valued random variable, moments of first and second order
have to be defined.

Definition A.6.2. m € H is called the mean value of a Hilbert space valued random
variable &, if

E{(f.&)})=(f,m) forall f e H (A.74)
holds.

Definition A.6.3. An operator C : H — H is called the covariance operator of a
Hilbert space valued random variable &, if

E{(f,6§ —m)-(g,§ —m)} = (f,Cg) forall f,g e H (A.75)
holds.

Completely analog the cross-covariance between two Hilbert space valued random
variables & and 7 is defined.

Definition A.6.4. An operator Cg,, : H — H is called the cross-covariance operator
of the two random variables & and n, if

E{(f.§ —mg) - (g, n—my)} = ([, Cgyg), forall f,ge H (A.76)

holds.

Let & be a random variable with the mean value zero and the covariance operator
Ceg. To the unknown signal & some random noise will be added. This random noise is
modeled by a Hilbert space valued random variable n with the mean value zero and the
covariance operator C,;,. The signal & itself cannot be observed but the sumn = £ +n
of the signal and the noise is supposed to be observable. The goal is to find an optimal
prediction of z = (f, &), f € H, from the noisy data 5. In this context the concept of
an optimal prediction is given by three requirements:
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e The prediction has to be linear

Z={a,n). (A.77)

* The prediction has to be unbiased

E{Z}) =z (A.78)

* Among all linear unbiased estimations it must have the minimal error variance
E{(Z —2)*} = min. (A.79)
Theorem A.6.1. The optimal prediction of z = (f, &) is
Z={a,n) (A.80)
with
(Cee + Cpn)a = Ce f. (A.81)

Proof. Since both £ and n have zero mean values, the unbiasedness condition is au-
tomatically fulfilled. The estimation Z is linear per definitionem. The only condition
which has to be verified is the condition of minimal error variance:

E{G — 2%} = E{({f, &) — {a, n))*}
= (f, Cee f) — 2(f, Cena) + (a, Cyya)

— min.
The necessary extremal condition is
0=—-2Ce,f +2Cyya,
which leads to the following Wiener—Kolmogorov equations for the determination of a:

(ng + Cun)a = anf. O
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Many mathematical operations like differentiation or Fourier transform are only de-
fined for functions being sufficiently regular. On the other hand, functions lacking this
regularity or which are only piecewise regular occur in applications frequently. Hence
the mathematical operations have to be generalized to be applicable to these functions
as well. This is done by the generalization of the concept of a function and by the
definition of mathematical operations for these generalized functions. This twofold
generalization is performed using the so-called regular test functions.

Definition B.1. The space C{°(R) of all functions ¢ which have a bounded support
and which are infinitely often differentiable is called the space of the test functions.

In the space of the test functions the concept of convergence is introduced:

Definition B.2. A function ¢ € C{°(R) is called the limit of a sequence {¢;} C
C°(R) if
n n
li =
kinolo dx" @) dx"

P(x) B.1)

holds for all » and for all x.

Definition B.3. A mapping f : C;°(R) — R is called generalized function or distri-
bution, if

L (fiap) =a(f.¢), @ €R, ¢ € CZ°(R)

2 (flo+ ) =L+ (fi¥), 0. ¥ € CP(R)

3. limg— oo (f, @x) = (f, @) for limg—co g = ¢
holds.

Remark. The definition of a generalized function is rather abstract and has little to do
with the usual understanding of a function. Nevertheless, each traditional function f
can be understood as a special case of a generalized function.

With the help of the traditional function f a mapping f : Cy°(R) — R is defined
by

(Fro) = fR FEp) dx. (B.2)
Obviously
(f, ag) = a(f, ¢),

(foo+v) =(f,0) + (f. ¥),
Jim (fro0) = (f, 9)
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holds. Hence f is a generalized function. Those generalized functions which are
induced by classical functions are called regular generalized functions or regular dis-
tributions.

Nevertheless, the concept of generalized functions is indeed an extension of the
classical concept of functions, since there are generalized functions which cannot be
induced by classical functions. An example for such an irregular distribution is the
famous §-function, defined by

(8, ¢) := ¢(0). (B.3)

The §-function is the mathematical model of the unit-pulse, i.e. the limit of rectangle
functions with decreasing widths and unit integral

5.(x) = 11 (f) . (B.4)

2¢ £

&1 &2
Figure B.1. Approximation of delta-distribution by rectangular functions

Obviously, forall ¢ > 0
/ Se(x)dx =1
R

holds, but the pointwise limit has no proper meaning:

) oo, x=0
§(x) = ;1_r)r(1) Se(x) = {0’ 0, (B.5)

which contradicts the condition

/ S(x)dx = 1.
R
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This means that the §-function cannot be the limit of rectangle functions in the classical
but rather in a generalized sense:

(8, ¢) := lim f Se(X)p(x)dx
e—0 Jr

—02¢ J_

1 &€
= lim —/ p(x)dx
€ &

1 &€
= lim —/ 0(0) + ¢’ (1)x dx
£—>

02 J_,
o () (2 &
—iﬂ)(@(‘”* 2 (7‘7))
= ¢(0).

Now mathematical operations have to be defined for generalized functions.

Definition B.4. A generalized function Df is called the derivative of a generalized
function f,if

(Df,p) =—=(f.¢), ¢ CF®) (B.6)

holds.

First of all, it can be shown that if f is a regular distribution, the newly defined
concept of a derivative coincides with the classical one:

(Df, @) =—(f.¢) = —/Rf(x)so’(x)dx
= — (f(x)go(x)ﬁ‘;o — /R f’<x><p<x>dx>
=(f". ).

Additionally, the derivative in the distributional sense exists even for functions which
do not have a classical derivative. Let us, for example, consider the ramp-function

0, x < —1
r(x) =13 +1, x| <1 (B.7)
1, x > 1.

At the points x = %1 the function r does not have a derivative in the classical sense.
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For its distributional derivative we have

(Dr,go) = —(V,QO/)

11 00
:—/ z(x—i—l)go/(x)dx—/ ¢’ (x)dx
—1 1
L+ Dyl +/11 ) d |°°+/°Oo d
=——(x ol —p(x)dx — ¢ ~@dx
2 12 LT
U
— [ Zemd
/1290()6))6

= /‘00 %H(x)gu(x) dx.

—00

This means that in the generalized sense the derivative of r exists and is equal to %1’[.

0.8

0.6

0.4

0.2

0
-2 -1.5 -1 -0.5 0 0.5 1 L5 2

Figure B.2. Generalized derivative of ramp function

Another example is the generalized derivative of the Heaviside function

0, x<0O
H(x) = L x>0 (B.8)

which represents a unit-jump. For its generalized derivative the following relation
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holds:

(DH, ¢) = —/RH(X)fp’(x)dx

= —/oow/(x)dx
0

= —@(00) + ¢(0) = ¢(0)
= (6, ¢).

This means that the 6 -distribution is the generalized derivative of the Heaviside func-
tion.

The next important generalized operation is the generalized Fourier transform.

Definition B.5. A generalized function f is called generalized Fourier transform of
a distribution f, if

(f.0) = (f, Floh), ¢ e CPM). (B.9)

Again, it can be shown that if & { f} exists in the classical sense the generalized
Fourier transform coincides with the classical one.

Lemma B.1. For the generalized Fourier transform the following rules apply:

D'f =1"w"f, (B.10)
— 1 -
FaNw) = —f (3> , (B.11)
jal” \al
fEFD) () = f(w), (B.12)
g =V2r f() - 3(w). (B.13)

Here the operations convolution and differentiation have to be understood in the gen-
eralized sense.

Proof. See [103]. O

Example B.1. If §(x — xg) is defined by (6(x — xp), ¢) = @(xp), the following
relations hold:

° 8(x —xp) = etxow L
2r’
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Proof.

(B(x — x0). ¢) = (3(x — x0). @) = ¢(x0)

1
== /R o(E)e"E di

1
= E(e‘”mf, P(&)).

6, 9) = (5, 9) = p0)

1 1
= «/T_T[/Re_’ox(p(x)dx = /I.R <\/T_7r . 1) q)(x)dx
1
—(— 1.0).
<v2n (p)

(I,9)=(1,9) = /Rcﬁ(w)dw

_ Vo
- V2 Jr
=(\/ES,¢). O

P (w) dw = V27 ¢(0)

Naturally, the theory of distributions is much more extended than the material
presented here. This appendix serves as only the compilation of material, which is
used in the main part of this book.






Exercises

Fourier analysis
Exercise 1. Prove the relation

"= b)) = e " F(w).
Exercise 2. Show that

"Ff @@ = - "FIHE)

Q| =

is valid.

Exercise 3. Prove that

F{f o) =10F{f}(w)
holds.

Exercise 4. Compute the Fourier transform of the following functions

) I, 0<x<l1
X) =
¢ 0, else,

-1, 0<x<0.5
Yx) =11, 05<x<1
0, else

and plot |@], |¥/].

Exercise 5. With the help of the differentiation theorem compute the Fourier trans-

form of
XZ

Y)=(1—xDe 2
and plot | (w)].

Exercise 6. Compute the Fourier transformation of

2
V(x) = ﬂ—1/4etw0xe—“7
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Exercise 7. Let
I, -05=<x<05

Bo(x) = 0, else

and Bj11(x) := Bp * B, (x). With the help of thAe convolution theorem compute the
Fourier transform of B,,. Forn =0, 1, 2, 3 plot B,,.

Exercise 8. Compute Bj(x). Additionally, compute B;(x),i = 1, 2, 3, 4 on the in-
terval [—3, 3] numerically with the help of a FFT algorithm. Compare the numerically
computed B; with the exact Bj.

_1/4 _ (X*f)z e 1XwQ
e 2 . Compute

Exercise 9. Let g; o, (x) ;=7
AINC)

© [ 8w |* dx

© [T Gty F do.

Exercise 10. Compute, for the same g as in Exercise 9,
© X = [ X181l dx
cw= ffooo 60|§t,wo|2dw
© 07 = [T (= )28 |* dx

© 0p = [ (@ = @)?181wm ) do.

Linear Filters

Exercise 1. Compute the z-transform H(z) of the convolution filters with the fol-
lowing coefficients:

e high pass filter: hg =1, h1 = —1,
e low -pss filters: 4, = Wlﬂ n=-N,...,N,

and plot |H (¢'*)|*, w € [-m, 7], N = 1,2, 3.
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Exercise 2. Show that the filters H, G, H*, G*, defined by

(Hu), = thun—k
keZ

(H*u) =) hutn—i
keZ

(Gu), = Z SkUn—k

keZ

(G*u)n =) gtnk

keZ

with coefficients given by

1 1
ho= ——=(04++3), h_j=——=@3++3),
4./2 4./2

V2 V2

1 1
hoyo=——0B-+V3), hz3=——(1-+3
) 4ﬁ( V3) 3 4ﬁ( V3)

gk = (—l)khfkfl, hz = h*ky g;: — g—k

form a PR filter bank.

Exercise 3. Determine all filters / of length 2, which fulfill

> hihion =80n and b =2

keZ keZ

247

Exercise 4. To the low-pass filter H of Exercise 3 compute the corresponding high-

pass filter G according to
1
G(-2)=7H (—) .
Z

Garbor transform
Exercise 1. Compute the Garbor transform 4{ f}(w, ) of the signal

f(t) — ezvt

and discuss the result.
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Exercise 2. Besides the traditional Garbor transform a modified Garbor transform,
including an additional parameter a, is frequently considered:

1 00
G, {f} (w, 1) := \/T_T[/ f(”) : gt,w,a(”) du

with

4 D
1/4a 1/46 el

gt,w,a(u) =

Compute /g, Mgs 05, oég as functions of a.
Exercise3. Forany choice of the window parameter a, determine grid-points (¢;, w;),
i, j € Z in such a way that the resolution windows

[ti — 0g, ti + 0g] X [wj — 03, wj + 0]

covers the whole (¢, ) phase-space.

Exercise 4.
Compute the parameter dependent Garbor transform

Galf @, 1)

of the signal
fy=e

and discuss the influence of the parameter a on the result.

Continuous wavelet transformation

Exercise 1. Show that the function

2

Y1(x) = (1 —x%)e™ T

is a wavelet and determine the corresponding constants cy; .

Exercise 2. The continuous wavelet transform
1 _ o0 u—t
WA{fY Gty = —Ia 712 / F@y(——) du
/Cy o A
can be considered as a linear filter applied to the signal f. Compute the filter charac-

teristic of these filters for the wavelets

-1, 0<x<0.5
Yx) =11, 05<x<1,
0, else,
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V) = (1 —xDe 5,

_aZ

Y(x) = g A gr@0x o=

Exercise 3. For wg = 5.0 and for A € {1.0, 2.0, 4.0, 8.0} make plots of the filter
characteristics of the three wavelets from Exercise 2.

Exercise 4. For the Haar wavelet, the Mexican hat wavelet and the Morlet wavelet
compute the moments

X = /oo x|y (x)| dx,

of = /Oo(x — Y () dx,

@ = /OO oY () do,
o2 = /Oow—ca)w(wnzdw.

Exercise5. Letx,o0,2,®, O’az) be the moments for a wavelet ¢y. Compute the moments
for the shifted and dilated wavelet 1~/ ztlf(xT_t).
Exercise 6. The resolution window of the wavelet 2 =1/ 21//("7_’) is
[Xn,r — 0,05 Xar +0x ] X (@31 — Owa,e, Oar + 0wl
Find grid points 7;, A; in such a way that the corresponding resolution windows
[)z)»j,t,' - O_)C,)\._i,ti ) )E)\,j t; + Ux,kj,ti] X [d)}»j,t,' - O_C())\,j,t[? d)}uj,ti + Uw,k_i,ti]
cover the whole (x, w) phase plane.
Exercise 7. Let the signal f be sampled with a spacing Ax. Define the dilatation

parameter A, such that the ﬁ = v, with v being the Nyquist frequency.
Let T be the sampling interval. Define the dilatation parameter Ap,x such that

72 = 2 holds.
Mallat algorithm

Exercise 1. Let 1 be the Haar wavelet. Show that the functions
Vi () =272y 27" x —n)

form an orthonormal system.
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Exercise 2. For ¢ € L?(R) let hold

(p(c = k), 9(+ = n)) = btn-

Show that this property is equivalent to

1
D¢+ 2w’ = .
2

nez

Hilbert spaces
Exercise 1. Prove that all square matrices of the dimension n form a vector space

L(R™")with respect to the operations € (= matrix addition) and ® (= multiplication
with a real number).

Exercise 2. Prove that
n
Al := max aii
JA] = m: Zl| il
J:

is a norm in L(R").

Exercise 3. LetV :={f:[a,b] > R'| fab f?(x)dx < oo}. Show that V forms a
linear space with respect to the operations

O:VxV->Vi(fogk)=[f(x)+gk)
OR'XV > V:i@OfHx) ==a- f(x)

Prove that the product,

b
(o) = / F()g(x) dx

is always defined and that ( f, g) is a scalar product in V.

Exercised. LetV :={f:[0,27] = R'| /" f2(x)dx}. Show that the functions
{ cos(mx), sin(mx),m =0,1, ... } are orthogonal with respect to the scalar product

2

(f,8) = A fx)-glx)dx



Exercises 251

Exercise 5. Let C" := {c¢ = (c1, ... ¢;) | ¢i € C} equipped with the scalar product

2 n
,d = - ,‘Cz,‘.
(c,d) n;c

Let

2 k0 2nk(n — 1)
¢ = | cos ,...,co8 | ——
n n
. (27kO . [ 27k(n—1)
d; = | sin s, sin| ——— .
n n

Show that ¢, dj are orthogonal elements of C”.

Exercise 6. Let Cla, b] be the set of all functions which are continuous on [a, b].
Show that

1A= max |f ()

is a norm on C|a, b].

Exercise 7. Show that f : Cla, b] — R!, fx) = fabx(t) dt is a linear bounded
functional on C[a, b]. Compute the norm of f.

Exercise 8. Show that the evaluation functional ev;, (x) := x(f) is a linear bounded
functional on Cla, b].

Exercise 9. Let

0, ~1<t=<-1
() =50+, —p<t=<y
1
1, S =<r=<l
and
0, —-1<t<0
x(1) = ==
I, 0<t<l.
Show that lim,,_, o X, = x holds in L>([—1, 1]).
Exercise 10. Show that the evaluation functional evy(x) := x(0) is not a linear

bounded functional on L2([—1, 1]).
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Solutions
Fourier analysis

Exercise 1.
"Ffe—bHw) = @m) /R o bye oy
= Qm)"? /Rn f(X)e_'(X+b)deX

_ b oy /Rn Fee 0

—1bw n o
= S FfONw).
Exercise 2.
"Fif @) ) = @n) / flaxe™* @dx
Rn
= l(27[)_”/2/ f(X)e_le%dX
a R~
IR w
= Firen(2).
Exercise 3. Integration by parts yields

1
U @)0) = = /R F()e 0y

1 (,¢]

—Ixw 1 —1X®
= E(f(x)'e ) oo — E/Rf(xx_lw)e dx
= % /R F)e™2dx = 10F [ £ ()} (o).

Exercise 4.

( ) 1 /OO ( ) _lxa)d 1 /1 —1xwd
W) = —F— X)e X = —— e x
’ «/E —Oo(p «/ﬂ 0

1 1 1 1 1
e — _ -, lxw - b _lw_l
\/E[ 0 ]0 m( za)(e ))

= : (1—e') = eT10/2 g0/2 _ gmie)2
10\ 27 V2r 1w

e 1°/2 sin(w/2)

2r /2
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Jw) = \/%T /_ e
—1 1/2 1 1

_ e—zxa)dx + - e—txa)dx
V2 Jo V2w J1)2

1 -1 —1lw —1w/2
=———|e —2. et/ +1)
2 lw(

_ e10/2 ;1 (e—zw/Z —24 etw/2)
J2m lw

e'w/2 -1 (elw/4 B e—tw/4)2
V2 lw

1e71%/2 §in(w/4) sin(w/4)
V21 (/4 ’

0.4

0 5 10 15 20 25 30 35

Spectra |@], |1Z| of the Haar scaling function ¢ and the Haar wavelet v

Exercise 5. Obviously

is true. Consequently

253
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0.8

Spectrum of the Mexican hat wavelet

Exercise 6.

V(w) = L /00 ﬂ_1/4e_%e_’(“’_w")xdx
A 277.’ —00

2
= 71_1/4}'{@_7 }(w — wp)

_ /A (0—w0)/2.

0.4

0.35

0.3

0.25

Spectra of spline wavelets By, By, By
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Exercise 7. Obviously By(x) = ¢(x + %). Using the shifting theorem, one obtains

Bo(w) = 2 j(w) =

! sinc(w/2).
T

Hence 1
By = 27" (Bp)"t! = —— sinc" T (w/2).
N T /

Exercise 8.

B1(x)

00 1
| BoBos =y = [ Botx =y

2
x—1)2 xt+1/2
Bo()dz = / Bo(2)dz

x—1/2

o
x+1/2
0, [x] > 1

N a —1<x<0

[ pdz 0<x <1

0, x| > 1
={x+1, —-1<x<0

1—x, 0<x<I1.

Exercise 9.

N 1 o
8t,wp (w) = E/
—00

— n*”“f’lg_@}(a)—i—wo) = 7171/467“‘”?{@_% ](a)—i-a)())

14— (o)
T e 2 e 0% dx

14 —1wr — @ten?
=7 1/4e ot , 5

-0 —0 277% -0

From Parseval’s theorem follows

o 2 o 2
f 181,00 dw:/ lgt,w0]"dx = 1.

—00 —00

Exercise 10.

o0 x| 20 i [ e, 1 EaRs S
St dx =7 xe dx = xe I dx=t.
—0o0 —00

o0 o
2
f ©|31,wyPdo =7~/ / we™@T™) de = —ay.
—0o0

—00

o0 2 1/2 o0 2 1 o0 _4
/ 18,0 (X)|“dx =7~ / / e O gy = 7/ e *2dz=1.

255
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2 12 [ 2 2 1 5 *721 1
UX=JT_// (x —)2e D7 gy = / e “2dz= —.
- 271% —00 2
2 12 [ 2
o2 =n"V / (@ + wp)e~@Te0) goy = 1/2.
—0o0
Linear Filters
Exercise 1.
-1
Hiz)=1-71=%
Z
|H(E®))? = (1 — e )1 — e'?) = 2 — 2 cos(w)
1 N
H = —n
@=3551 L *
n=—N
! - —1hw 2 1 al 2
HO = (55775 ZNe ) =Gy +2nZlcos(na))])
n=— —

20

|H|?
=

SO

High pass filter characteristic |H (¢'®)|2
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22z

Innn

W —
|

|Hy|?

SO

Low pass filter characteristics |Hy @®)2 forN =1,2,3

Exercise 2. The z -transform of the filter H, H* is
H(z)=ho+h_1z+h 22> +h_32°,
H*z) =ho+h_1z ' +h oz 2 +h_3273,
G@=g1z+g0+g1z ' +gz 2 =hoz—h_y+h_oz ' —h_3272,
G*@) =gfe g+t i+ gt =hot T —hoy +hopz — h_3Z%.
Hence
H(=2)H*() + G(=2)G*(2) = (ho — h_1z + h_p2* — h_327)
x (ho + h_1z_1 + h_zz_z + h_3z_3)
+(—hoz —h_y —h_pz7' —h_3z7%)
X (hoz_1 —h_1+h_pz— h_3Z2)
= (h3 =2 + 1%y —h2y)
+ (hoh—1 —h_1h_y +h_sh_3)z"" —2)
+ (hoh—3 —h_1h_3)("% +2%) + hoh_3(z > = 2°)
+(=hg+h2) —hZ, +h2y)
+ (=hoh_y +h_1th_y —h_sh_3)E"" —2)
+ (—hoh—p +h_1h_3)z 2 +2%)
— hoh_3(z> = 2%)
=0
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and

H@H* @)+ G@)G*(2) = (hg + h_1z + h_22> + h_32°) x

x (ho+h_12 " +h_oz 2+ h_327)
+(hoz—h_1+h_pz ' —h_3z7%)
x (hoz ' —h_y +h_pz —h_32%)

= (hE+hn2 +h%, 02y
+ (hoh—1 +h_th_y+h_oh_3)(z+z"1)
+ (hoh—p + h_1h_3)(&* +272)
+ hoh_3z> +272)
+ (W3 +h2 + R, 1% y)
S (—hoh_{ —h_th—o —h_sh_3)z+2z"Y)
+ (hoh—p + h_1h_3)(z* +277)
+ (=hoh_3)(z°> +273)

=2((hg + 2 + 1%y + B2 + (hoh—a + h_1h_3)(Z2 +272)

1%“1 +vV32 4+ 03 +V3)2+ 3 -V3)E+ (1 -3
+ %((1 +V3)(B=V3)+ B+ VU=V +z72)

_ 1 1 _ 2 -2
—16<8+24)+32(2f 2V3) (2 +272)
=2

Exercise 3. The two conditions form a system of two nonlinear equations for four unknowns:
Wi +n3=1
ho 4+ hi =+/2
The geometric interpretation of these two equations is the intersection of a straight line with the
unit circle. The straight line has the normal vector 7 = (1, 1) T and the distance of the straight
line form the origin equals 1.0, which is also the radius of the circle. The two intersection points

therefore coincide. They form the so-called contact point p. The contact point is the intersection
of the prolongation of the normal vector n with the unit circle. This yields

| ho | | cosm/4| %ﬁ
P20 |7 | sinzsa || L2

H(z) = %«/5(1 +z7h

Exercise 4. Obviously,
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holds. This leads to
80— g1z ' =G(-2)
/ 1
=z H(-)
2z
1
= Zlix/i(l +2)

This is only possible if / = —1 holds and leads to

1 1
= V2, g1 = -2

Garbor transform

Exercise 1.

G{fHw, 1) = \/%/ e n71/4e*(u*t)2/2€flua)du
7T JR

- 75 e

—1/4 — —u? 14 —ite — @2
=7 1/48 lla)?j{e u/2}(w_v)=n. ]/46 llwe 7.

For a fixed frequency w the Garbor transform of ¢'"? i

n_1/46_(u_t)2/2€_m(w_v)du _ n—1/45_~{e—(u—t)2/2}(w —

259

V)

is a harmonic oscillation with this frequency

. The amplitude of this oscillation is the smaller the more the frequency w differs from the

frequency v of the transformed signal.

Exercise 2.

(x I)

°° 2 —tj2g-2 [T 0t
X|8t.wp,al"dx =m a xe a 4 dx =t.
—0o0 —0oQ0 /

O')%zﬂ_l/za_l/zf (x—t)2 ’2 \/7/ =% .
—00

o= 1/4g—1/4,~55 12 ol @too)x g

1 )
gt,wo,a(w) = E/

2
:n_1/4$'[ /4= }(w—i—wo)
2
_ n—1/4al/4e—1wt$—{e—7 ](a1/4(w+w0))
al/z(w+w0)2
7z .

a4 1/4 10t =

Hence & = —w and 62 = i holds.
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Exercise 3.

/2
t; == i 2a, j = J -
a

Exercise 4.

! YU YA U L
ga{f}(w, t) = 7/‘ ell)u - T / a e 2a e du
V2 JR

w=n?
—1/4,-1/4 ,— e e tu@=) g,

vl
=— |7
27 JR
(u—t)2
:n_1/4a_1/4.’F{e_ 2a }(w—v)

_ ﬂ—1/4a1/4e—nw5,{e—u2/2}(a1/2(w —)

a1/4(w—u)2
— ﬂ—1/4a1/4e—ltwe—f.

The parameter a controls the speed of amplitude attenuation. The larger a the faster the amplitude
decreases for w departing from the signal frequency v.

Continuous wavelet transformation

Exercise 1.

o0 (.7 2 0o 4 —w? %)
Cy = 271/ de = 271/ we do = 471/ a)3e_")2da) = 2.
0

—00 o] —00 ||

Exercise 2.

F {m—”w ((xk;”)} (@) = [MY2F Y (x — D) (IA]w)
= A2 g (A |w).

Hence
U) = |F {m—”zw (@)} 2 = 23200,

This leads to
A sin*(Aw/4)

Ui = = wja)?

for the Haar Wavelet, to
2
Us(w) = A(Aw)?e” P

for the Mexican hat wavelet and to
A 2
Us(w) = ——e~F@=w0)
3(w) N

for the Morlet wavelet.
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Exercise 3.
06 12
s — Haar ' Haar
05 A Mexicanhat | [ i Mexican hat
- - - Morlet P - - - -Morlet
041 4 o8 ' 4
03 4 o6 B
02t 4 04 g
L L

10 12 6 8
w
25 4.5 —
W
(\ Il;{/laar_ b H Haar
2k ".‘ exican hat 35 3: Mexican hat -
- - - Morlet " - - - Morlet
3k 4
15 3
251 B
1 E 4
051 b a
0 N S I I I I I I I
0 2 4 6 8 10 12 4 6 8 10
@ w

Filter characteristic of the Haar, Mexican hat and Morlet wavelet for scale parameters A = 1 (top left),

A = 2 (top right), A = 4 (bottom left) and A = 8 (bottom right)

Exercise 4. Haar wavelet:

1 1
i:/ xdx = —.
0 2
1 1 1

2 : 1o ) 1 1
Gx=O(X—E)dx=O.X-X-’-de:g—E-i-Z:E
1 [ sin*(w/4) 16 [®sintz

- o = — dz = 8.3848.
2 Jo (w/4)? 27 Jo z

(;) =

Mexican hat wavelet:
I 2,2 —x2

x:/ x(1 —x*)%e ™ dx =0.

—00

3

4

—0oQ0

|
8

Il
9
0|~

2 * 5 2.2 —x? * 2 4, 6y,—x2 1
o x“(1 —x9)%e ™ dx = (x% = 2x"+xDe ™V dx =27 Z—f—f-

15

16

)
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%) 4 B
a‘)=/ w-we ®do=1.
0

o0 o0
GL% = /O (w— 1)2w4e_w2dw = /0 (@° — 207 + w4)e_“)2dw
15 3 3
= -_— 2 - = - 2.
Vale TRtV =T

Morlet wavelet:
- —12 [ e
F=x"1 / xe " dx =0.
—0oQ0

o0 2 1 o0 T 1
U)% = 7171/2/ xZe ™ dx = / xZe 22dx = -.
- 2l /o0 2
o0 2 1 e _(w7?0)2
o=n"12 / we™@T®0)" goy = / we 22 do=uwy.
- 271% -

o0
(73) = n_l/Zf (w — a)o)ze_(w_w(’)zda) =—.
—0oQ

Exercise 5.

- © L x—t B 00 5 L
= Xy . dx = Az + DY (2)dz = Ax +t.
o0

o0

o.¢]

o —t
(’;?M =1 / (x —Ax — f)zwz(L)dx = / 22292 (2)dz = )\20)%.
\ o x .

o0 n l o0 R J)

WP / i (lo)do = — f W (2)dz=—.

@ht ) A
—00 —00

(o3

2 > @222 L™ 252 ?
2= [ _@=2P00wdo =33 [ - aried =%

—c0 A
Exercise 6. Centers in x-direction: A;x + ;. Interval length in x direction: A;ox. Hence
tig1 — i = 2)»j0‘x <l = 2)»j0'x.

Centers in w direction }\Q Interval length in w direction: 2%. Therefore
j j

w w 0w 0w <:>c?)+aw w— 0y
S Y B B Aj+1 Aj
w+ 0y

S Ay =< Aj.
W — Oy

Hence

2 J
w O
Aj = ( + w) and #; = 2A;0y.
) @ — 0y ;
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Exercise 7. Haar wavelet:

8.3848 Ax 8.3848T
min = — _ > max — L -
b4 2
Mexican hat wavelet:
Ax
Amin = —, Amax = 7 —
b4 2w
Morlet wavelet:
woAx woT
Amin = , Amax = ——
b4 2

Mallat algorithm

Exercise 1. Obviously supp ¥m,, = [2™n, 2" (n + 1)]. Without any restriction of generality
let m > p. Thus mes(supp ¥,,n) > mes(supp ¥p,4), where mes(M) stands for the Lebesgue
measure of the set M. Therefore

(Ymn,¥pg) =0&m#pVvn#q.
On the other hand

o) o)
(Ymns ¥mon) = / W,%,’n(X)dx = 27m/ 1/f2(27mx —n)dx
N o0

2™ (n+1)
= 27m/ dx = 1.
2

mn

Exercise 2.
k 0k
Sok = (9(®). 9(s — b)) = (. e ‘“>=f 9P @ de

—00
27 (n+1)
— § / |¢7|2€lka}dw

nes 2mn

2
=/ Z lo(w + 27n) 2@ dw.
0

nez

Obviously, f(w) ==, |¢(w + 27m)|2 is a 2m periodic function. Hence its Fourier series is

1 2
f(w) = Z cke_’kw, c = E/ f(a))e’kwda).
0
keZ

This means that all Fourier coefficients of f except of ¢y = 1/27 vanish. Therefore
1

Y Ip(w+2mm) P = f (@) = cpe™% = S~
nez T
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Hilbert spaces

Exercise 1.

A@B:(A@B)ij=aij+b[j=b[j+aij=(B@A),‘j=B@A.

ADBOC)=(AB (B O))ij =ajj +(BSC)jj =ajj + (bij +c¢ij)
= (ajj +bij)+cijj=(A®B)jj +c¢c;j=(ADB)DC.

Let O = (0j}), 0;; = O forall i, j, then
ABO=(A®O0)j=ajj+o;j=aj;=A

holds.
Let A = (a;j). Define —A by —A = (—aq;;). Then

A@—A:aij—l—(—aij):O:Dij:O,
aOBOA)=a0 B aj)=(a-B-a;j)=a-p)-ajj)=(x-p)OA,

and so on, and so on.

Exercise 2.
n n
JAl=max}laijl > 3 laj| > lan| = 0.
j=1 i
Let 0 = [|A|| and suppose that there is at least one i and one j with a;; # 0. Then
0= lAll > la;j| >0

follows. Hence ||[A| =0 < A = 0.

n n
oAl = max } ot - ajl = max|o| 3 laij| = |e] - | A]l
=1 j=1

n n
IA® Bl =max 3 laij + bij| < max 3 (lai;| + [bi;])

j=1 j=1
n n n n
:maX<Z|aij|+Z|bij|)SmaXZ|aij|+maXZ|bij|
= j=1 b=l b=l

= [lAll + 1B
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Exercise 3. Let f, g € V. Then

b b
/ (f ® g)%dx = / (F () + g(x))2dx

b b
< / () + g 2dx + / () — g(0))2dx

b b
:2(/ fz(x)dx+/ g2(x)dx> < oo.

Consequently, f @ g e V.

b b b
(ol=| [ st =2 [Cifglars [ 4044 fan

b b b
=/(f+g)2dx+f fzdx—i-/ ¢2dx < occ.
b b
<f,g>=f f~gdx=/ ¢ fdx =g, f).

b b
(fOg h) 2/ (f ®g)(x) - h(x)dx 2/ (f(x) + g(x)) - h(x)dx

b b b
=/ f(x)-h(x)+g(x)~h(x)dx=/ f-hdx+/ g - hdx

= (f, h) + (g, h).

b

b
<a@f,g>=/ a-f-gdxzwf f-gdx = alf.g).

a

b
0=<f,f>=/ Pdx o P20 f=0.

Exercise 4. Obviously

27

2
/ sin?(mx)dx < / ldx = 27 < oo,
0 0

2 27
/ cosz(mx)dx < f ldx =2 < o0.
0 0

265
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holds. Hence the functions sin mx, cos mx indeed belong to V.

27‘[1

1
(cosmx, cosnx) = / 2(6”” + e_’mx)i(e”’x + e " dx
0

2
— 1/ d et(m+n)x +e*t(m7n)x +et(m7n)x +efz(m+n)xdx
0

4
1 2w 1 2
= f/. cos(m +n)xdx + f/ cos(m — n)xdx
2 Jo 2 Jo
1
= m(sin(m + n)2m — sin(m + n)0)
1
+ ——(sin(m — n)2x — sin(m — n)0)
2(m — n)
_ |7, m=n
- 0, m #n.

The orthogonality of (cos mx, sinnx), (sinmx, cosnx) is proved completely analog.

Exercise 5. Let a)k =" Obv1ously
O=af — 1= (@ — D@ "+ 2+ +1)
holds. Since wy # 1, the following relations follow:
n—1 n—1 . n—1 n j=h
J -k J— i n—1 ’ =
DR S e S
i=0 i=0 i=0 0. Jj#h
2N (omki 27li
(ck, ) Zco < > os( , )
1= 2k 2xli 2nli
=3, (T +e T ) (e +eTt )
i=0

n—1 n—1

o !
Z(wk+wk)(a’l+“’l Zwk+l+wk [l ol
—0
1 1=k
o, 1 #£k.

0=1]fll& max [f(x)]|=0<% f(x)=0.
x€la,b]

Exercise 6.

lafll = x| lef (X)) = o oy Lf = lal - ILfII-

) i
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If+gll= max |f(x)+g)| =< max [f(x)]+ |g(x)
x€la,b] x€la,b]

=S max Lf (o)l (A g =1/ + gl

Exercise 7. Linearity of f is obvious. The only thing, which has to be shown is that it is

bounded.
b
/ x(t)dt
a

Consequently, || f]| < (b —a). Now let x'(¢) = 1.

b
/ 1dt
a

Ifl= sup [f)I=|f&)]=b—a).

lxl=<1

Together || f|| = (b — a) follows.

b b
< / (O)ldr < / max_[x()ldi = (b — a)|lx|l
a a tela,b]

lf )] =

If) = =(b—a).

Hence

Exercise 8.
levyy (x)| = |x (1) < max |x(0)] = [lx].
tela,b]

Hence |levy, || < 1 holds.
Exercise 9.

llxn — xIl =

1 1/2
/ (xn (1) — x(z))zdt>

1/2
(en (£) — x(r))Zdr)

Il
e TN N

Il
P
l\o
|—

EN‘ ~
N
-~
o
+
|
-~
_|_
ol
N——"
o
-~
+
o\

Si—=
3'\)‘ I
-
-~
o
+
[\]
= ||
S
)
-~
+
—_
[\
&1
:N =
<
N
~——
QL
-~
\/
=
)

1/2
4 1 +1 1 +4 1 +2—n21+(2—n2)21 /
n2 3n3  nd n3 n2 \ 343 2 nd 4 n3

Il
:N‘_,;
P
S‘_
W
/N 7 S
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Hence

i _ 8 . ,(2 1 12121/2_0
n—l>moo”xn_x”_ni>moo 3'7,75—’_ P ) +; n2 =

Exercise 10. Let x;,, x be defined as in Exercise 9. Let y,, := x — xj,, then

1
levo(yn)| = 3.

Let M be an arbitrary positive real number. Since ||y || — O there is an n¢ such that m >M
n
holds for all n > ng. Consequently, there is no ||evg| > 0 with

levo ()| < llevoll - [lx]-
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Abel-Poisson kernel, 113, 117
Adjoint operator, 234

Bathymetry, 139
Bezouz’s theorem, 85

Cauchy sequence, 220, 227

Cauchy-Schwarz inequality, 218

Cea’s lemma, 235

Cholesky decomposition, 192,197,198

Collocation, 187

Complete orthonormal system, 105,221,
224,228, 232,234

Complete space, 221

Conjugate Gradients method (CG), 197,
202, 208

Convolution, 165, 181

Convolution theorem, 3, 15

Deconvolution, 167, 168

Denoising, 167

Digital convolution filter, 14
transfer function, 14, 49

Dilatation matrix, 105

Dilatation operator, 116

Dimension, 222

Discrete Fourier transform (DFT), 11,

229

Distribution, 238
Delta-Distribution, 239
Differentiation, 240
Fourier transform, 242
regular, 239

Disturbing potential, 121

Dual space, 225, 228

Edge detection, 153

Fast Fourier transform (FFT), 12, 187

Filter bank, 14, 16, 121, 181
conjugate mirror filter, 22,
181-183
finite impulse response filter
(FIR), 21
perfect reconstruction filter bank,
16, 21, 181, 185, 186
quadrature mirror filter, 22, 181,
184
Fourier series, 1
Fourier series, 43, 223, 224, 229, 231
Fourier transform, 2, 25, 47, 238
scaling relation, 3
shift relation, 3
short-time Fourier transform, 25,
30, 32
numerical implementation, 29
Fractals, 135
Frequency aliasing, 9

Galerkin equations, 187, 188,197,200,
205,211, 235

Galerkin matrix, 191, 193, 198, 202,
208

Galerkin’s method, 187, 196, 205, 235

Garbor transform, 26

Gaul3—Seidel method, 208, 211

Geoid undulation, 4, 121

Gravity anomaly, 4

Holder exponent, 135, 138

Hankel transform, 5

Harmonic function, 110, 111
Hausdorff dimension, 135, 136, 138
Heaviside function, 241

Hilbert space, 217, 221, 226, 236

Image compression
JPEG compression, 174,175,177,
178
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pyramidal algorithm, 173
wavelet compression, 177, 178

Karhunen—-Loeve base, 167
Karhunen-Loeve base, 158, 167

Legendre functions, 110, 232
Legendre polynomials, 110, 113
Linear functional, 225, 229, 231
Linear independence, 222
Linear operator, 234

Linear space, 217

Lipschitz regularity, 135, 138

Mallat’s algorithm, 97, 117, 170, 177,
182, 184, 206
for biorthogonal wavelets, 71
two-dimensional, 106
Mid-Atlantic Ridge, 139, 141
Multi-grid solver, 211
Multi-resolution analysis (MRA), 43,
44, 48, 98, 181
on the sphere, 114
scaling coefficients, 47, 96
scaling equation, 47, 49, 182
scaling function, 4648, 96, 182
two-dimensional, 104
wavelet, 51
Multi-resolution analysis (MRA)
for biorthogonal wavelets, 70

NAVSTAR-GPS, 147
carrier phase observation, 147
cycle-slip, 147, 149
double-differences, 147

Norm, 112, 219

Normal potential, 121

Nyquist frequency, 6, 19

Orthogonal complement, 50, 105, 165
Orthogonal projection, 43

Orthogonal system, 222

Orthonormal system, 223

Parseval’s identity, 2, 28, 42, 224

Poisson integral, 111

Positive operator, 234

Pre-conditioning, 197, 203

Prediction, 194, 236

Pseudo-differential operator, 204
symbol of, 204, 211

Pseudo-inverse, 165, 166

Reproducing kernel, 112
Riesz’s representer theorem, 226, 228,
230, 231

Scalar product, 112, 218

Sea-floor spreading, 139, 141
Seismology, 141

Selfadjoint operator, 235

Shannon kernel, 112, 113, 117, 121
Shannon’s sampling theorem, 5
Signal-to-Noise-Ratio (SNR), 159
Sobolev space, 95, 112

Sobolev space., 111

Spectral leakage, 9

Spherical harmonics, 110, 233
Square integrable function, 230, 231
Stokes formula, 4

Stokes problem, 207

Structure function, 138

Thresholding, 159, 163, 168
Time-frequency resolution, 26
Translation operator, 116
Trigonometric polynomial, 86
Turbulence, 135, 137

Uncertainty principle, 29, 36

Wavelet, 30
biorthogonal, 70
continuous wavelet transform, 31,
33,36
numerical implementation, 35
two-dimensional, 140
Daubechies wavelet, 83, 91, 94,
95,97, 150, 177, 200
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decomposition, 101, 107, 139 two-dimensional tensor wavelet,
Haar wavelet, 38, 53, 184, 188 106
harmonic wavelet, 114 Wavelet frame, 41, 48
linear spline wavelet, 140 tight wavelet frame, 41, 47, 52
Mexican-hat wavelet, 140, 145 White noise, 165
reconstruction, 101, 171 Wiener estimator, 157-159, 167
Shannon wavelet, 53 Wiener—Kolmogorov equation, 187
spherical wavelet, 122
spherical wavelet transform, 118, z-transform, 14
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tensor Haar wavelet, 173, 207
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