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Abstract

We are concerned with the fractal approximation of multidimensional functions in #2. In particular, we treat
a position-dependent approximation using orthogonal bases of %> and no search. We describe a framework that
establishes a connection between the classic orthogonal approximation and the fractal approximation. The main
theorem allows easy and univocal computation of the parameters of the approximating function. From the computa-
tional perspective, the result avoids to solve ill-conditioned linear systems that are usually needed in former fractal
approximation techniques. Additionally, using orthogonal bases the most compact representation of the approximation
is obtained. We discuss the approximation of gray-scale digital images as a direct application of our approximation
scheme. © 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

Some years ago it has been shown that determin-
istic fractal geometry is capable to produce very
complex behaviors using apparently simple math-
ematical models [3]. In particular fractal models
appeared suitable to represent real world images
[6,14,20,217.

In 1987, Barnsley originally proposed to use de-
terministic fractal geometry to obtain a compressed
representation of digital images. Some years later,
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one of his students devised the first algorithm ca-
pable to partially achieve that goal [10].

The idea of fractal coding is to represent the
signal, or better, the function to be approximated,
solely by the relations that are present between
affinely transformed parts of the signal and the
signal itself. Through the removal of ‘self-affine
redundancy’, one hopes to obtain a more compact
representation than the original one.

Barnsley [4], Jacquin [10-12] and Jacobs et al.
[9] presented different methods for looking for the
similarities present in digital images. For simplicity
of implementation the search for similarities was
performed only between blocks in which the image
was initially decomposed. The brightness of a block
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was being approximated by a linear transformation
of the brightness of another bigger block. Among
all the bigger candidate blocks the one that best
approximated the original was chosen, together
with a particular transformation.

The whole image was hence represented through
the relationship between blocks and by the coeff-
icients of such brightness transformation. They
originally chose linear transformations with a con-
stant translation term with respect to the position
inside the block. Although later many other strat-
egies has been proposed (see e.g. [1]) the search
process was always computationally very intensive.

Motivated by the desire to reduce substantially
the computational cost, Monro and Dudbridge
proposed a different approach in which the approx-
imation is applied independently on each single
block [16]. The basic method, although simple to
implement and very fast, does not perform well. It
constrains too strong auto-similarities inside the
blocks that are generally not present in real-world
images. To obtain a better quality of the approxi-
mation the authors propose to substitute the con-
stant translation term with a polynomial in the
pixel coordinates. The polynomial approximates
the residual error that cannot be captured by the
fractal approximation.

Barnsley himself introduced, in the one-dimen-
sional case, a class of fractal interpolation functions
which have a self-similarity property [2]. In this
paper we want to show that it is possible to refor-
mulate Barnsley’s theory in terms of fractal approx-
imation functions in Z2(R"). In particular, since we
are going to treat the problem of image coding (i.e.,
the approximation of a brightness function) we will
consider, without loss of generality, the two-dimen-
sional case.

In that framework we will describe a more gen-
eral type of position-dependent approximation
than the one by Monro and Dudbridge, in which
the translation term is a function that belongs to
the subspace generated by a particular orthogonal
basis. Other techniques that use orthogonal basis,
although developed from a different approach, can
be found in [18,19].

The main result of this work is a theorem that
builds the fractal approximation from an approxi-
mation of the gray-scale function expressed with

respect to the same basis. Since the resulting ap-
proximation is optimal with respect to the chosen
basis we will call it the best fractal orthogonal
approximation (BFOA).

In practice, if we suppose to have a ‘classic’
place-dependent approximation the rules of the
theorem ‘turn it’ into a fractal approximation. In
this way, we avoid using heavy numerical methods
to overcome the ill-conditioned problems asso-
ciated to the type of polynomials used in [15-17].

We will show some results on the approximation
of digital images obtained with cosine and Haar
basis. We want to emphasize that the initial ap-
proximation can be computed with any algorithm,
for example with fast technique like FFT or DWT.
However, this work proposes a new approximation
model, and not yet a compression technique.

Section 2 recalls some notations used in the rest
of the paper, while Section 3 introduces a theory
for fractal approximation in #?*(R?*) with a variant
of the Collage theorem. Section 4 presents the main
result of the BFOA and an issue on the contractiv-
ity of the operator.

The application of BFOA to image approxima-
tion is described in Section 5, where we show the
results of using different orthogonal bases in
a block coding framework. Once we fix the number
of parameters, our approach gives a lower recon-
struction error than the original Monro and Dud-
bridge polynomial approximation. In the same sec-
tion we analyze the best splitting point heuristics as
a searching method and we show the advantages
given by the utilization of bigger blocks than the
ones generally used.

2. Notations

We briefly recall some notation used in the pa-
per. We consider functions in .#? with the metric

d(f,9) = If = gllp»

where

1/p
= ([ yeoran)

Let ' be a function in #*? and U a subspace of
£P. With best approximation of fin U we define the
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function f* e £* that satisfies

Lf =f*llp, = inf [L.f = gll-

geU
In other words, f is the function that achieves the
minimum distance from f* with respect to the par-
ticular norm chosen.

We recall that if U is a finite-dimensional sub-
space, then there exists at least one best approxi-
mation. In particular, if U is generated by an
orthogonal basis {uo,ul, ..., Uy}, then the best ap-
proximation of fis given by Z; o¢juj and it belongs
to U ifand only if ¢; = (Hu,H "X, uj> The expres-
sion is called Fourier series and c; are the Fourier
coefficients.

In the rest of the paper we will assume p = 2
because of the important properties of £? and
because the Z?-norm is the easiest norm to
manipulate. We will denote by <-,-> the scalar
product in £? defined as <{f.f> = || f||3, with o the
operator that composes two functions and with
T"(f) the iterated application of T to f, n times.

3. Fractal approximation in #*(R?)

We identify a continuous gray-scale image with
a function fe #* whose domain is a compact set A,
attractor of an IFS {4; wy, ... ,wy} (see [3])

A= Cl) A; = U wi(A),

where the maps w; are affine, contractive and non-
overlapping,! ie., wix)=Lx + 1, xeR? and
where L; are 2 x 2 scaling matrices, and 7; are trans-
lation vectors. The maps w; describe the underlying
‘geometry’ of the domain A of the function f.

A fractal approximation of fis a function /™ asso-
ciated with an %*-contractive operator such that
f* is the unique fixed point of T, that is Tf" = f™.

Since the metric space (Z*(A),|| - ||») is complete,
by the Banach’s theorem there is only one fixed
point that can be obtained by the following recon-

"wid)nwlA) =0 Vjik=1,...,N with j # k.

struction algorithm

lim T"g) =f*, Vge LXA). 1)

n— o0

The procedure (1) permits to obtain f* by the iter-
ations of the operator T starting from any initial
function g.

The operator T is usually built from the IFS
maps w; and from some appropriate functions F;:

(Th)(x) = F(h(wi (x))), Vxed;, heZL*A).

In a more general case, we can consider a place-
dependent operator

(Th)(x) = Fi(wi '(x), h(w;” '(x))),

VxeA;, he L*(A), (2)
where F;:Ax[c,d] > [c,d],i=1,...,N
tions satisfying the Lipschitz condition
IFix,y1) — Filx, y2)l < silys — yals

5;>0,VxeA, Vy, y,elc,d].

When (Y, |det Lj|s?)'/? < 1 then T is contractive
in #?(A). Indeed, since the sets A; are disjoint, we
have

, are func-

ITh —Tygl3 = ¥ LIFi(WFI(X), h(wi™ ' (x)))

i=1

— Filwi '(x), g(wi "())I* du

= ), IdetLis? |h — g|3. )

i=1
Of particular interest is the linear case

Fi(xa y) = oGy + qi(x)> o€ R’ qi€ gZ(A)’ (4)

in which the operator T becomes
(Th)(x) = ah(w; '(x) + giw; ' (x),
VxeA; he L*A). (5)

From Eq. (3) it follows that if
(YX,|det Lje?)"> < 1 then T is contractive in
ZL*(A). It is interesting to remark that T can be
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contractive even if not all of the maps satisfy
o] < 1.

3.1. The inverse problem

The problem of finding a contractive operator
T whose fixed point is f, or better, close to f, is called
the inverse problem. The Collage theorem provides
directions on how to evaluate a given operator.

Theorem 1. Let fe L*(A), T: L*(A) » L*(A) be the
contractive operator defined in Eq. (2) with contrac-
tivity factor 0 < K < 1, and f™ its fixed point. If

If= 111> <&
then

. £
I =fl < 7=

or equivalently,
I/ =Sl <@ =K f= TSl

Proof. The proof proceeds as for the classic IFS
theory [3]. O

The theorem states that once we are given with
a particular fe #?(A) to approximate, if T is such
that fand its image under T are ‘near enough’, then
f will be ‘near enough’ to f™.

Note that the theorem is not constructive. It
provides a measure of the quality of the approxima-
tion without having to compute the fixed point of
T, but it does not suggest any method to find an
explicit form of T.

3.2. Best fractal approximation in £?*

In the rest of the paper we consider the case of
the linear operator described in Eq. (5). In particu-
lar, we assume that the functions ¢; have been
chosen in a subspace U of #*(A).

We call best fractal approximation of f the fixed
point f* of the operator T such that fhas minimum

distance from Tf. That is,

inf | f— (i fowi '+ giow Yl
qeU,K<1

where K = (Y, |det Lja?)"/2.

Alternatively, the search for the best fractal ap-
proximation of f can be carried out by looking for
the parameters o; and the functions ¢; which min-
imize

Ifow; — (ouf + g)ll3

since

If— (i fows '+ giowi I3

Vi=1,...,N, (6)

=2 Llf (%) — (af wi ' (x)) + qi(wi ' (x)I* dpe

M=

1

L

|det LiILIf (wilx)) — (o (x) + q(x))|* da

Idet Lyl [| f w; — (e f + qi)13.

M=

1

L

4. The best fractal orthogonal approximation

When the functions ¢; belong to a subspace U
generated by an orthogonal basis {ug,uy, ..., u,},
the operator T can be obtained by fairly simple
rules.

The following theorem allows us to construct the
function that approximates fow;, i.e., the function
that minimizes | few; — (a;f + ¢;)|, with respect
to ;e U, o;€ R. We call such approximating func-
tion the best fractal orthogonal approximation of
fow;in U.

Theorem 2. Let fe #*(A), A < R* be a compact
set with (A) < + oo and {wy, ... ,wy} be non-over-
lapping  contractive affine maps, such that
A is the attractor of the associated IFS. Let
{ug, uy, ..., u,} denote an orthogonal system in
P*(A), U the subspace generated by its elements,
Yi—ocu; and Y'_ & u; the best approximation
in U of f and fow, respectively. Then, for
each i=1,....,N, there is an element in U,
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01 oty anocalydefvd b
LadSowidp =30 ujl3e
Jaf?dp =30 lujlize

(Py) = E(jl) - o/Zicja &1 =

)

such that &;f+g;, i=1,...,N, is the best fractal
orthogonal approximation of fow; in U. In other
words, for any i, 4;f + g; has the minimum distance
from fow; with respect to chosen orthogonal basis.

2

IffAf du =Y ollujll3c; =0, we have to
set 8; = 0; in this case the functions g; correspond
with the best approximation of fow; in U.

Proof. First of all, note that if )_,cu; and
Y i—odju; are, respectively, the best approximation

of f and g, with respect to the orthogonal basis
{uj}i=o0... ..y We have

(- % cono— 5. am)

={f9> — Z H%‘H%def (8)
j=0

The reason is explained in the following derivation:

<f - Z Citj9 — Z dj“j>
j=0 ji=0

={fg>—

n

Y. el g,up)

j=0

Y dilfiuy —
ji=o0

+ Z Z dek<Uj,uk>

j=0k=0
=g — Y llugllzesd;,
j=0
where

<uj7 uk> = 0’ then k #J’ <uja uj> = HujH%a
¢; = (lull2)" < foup,  dj=(lu;ll3)~<g,u;,

j:():""n’ |u0§:J‘ dl,l:,u(A),
A

and where u, is the unitary function.

Having fixed the coefficients «; let g¢; =
Y- Oq)(]‘)u be the best approximation in U of
fow; — a;f (see Section 2). Therefore, ¢{ are the

Fourier coefficients of fow; — o;f,

903” = (H”j“%y Y fow; — o, uj).
Define now an auxiliary function
G(o) = || fow;: — (uf + )13

= [[(fow: — af) — gill2. )
It is well known that
G(o) = min [[(fow; — o f) — qill3.

q.€U

In addition to this, the minimum is unique. It
follows that

o = (lujll3) ™ {fowiuy — o (llusll3) ™ "< foup

— 551) %c;,
and hence
n
Z &y — oY cuy,
j=0
where

¢j= (w3~ < foup, & = (lul3) ™ < fowiuy.
Substituting in Eq. (9) we have

G(o) = ‘(fowi—oc,-f) — <i E(ji)uj—ocii cjuj>
i=o i=o

(5] o520
-1
i o) o

Now, once we consider G as a function of «;, we can
see that it is differentiable and it has a unique
stationary point given by the solution of

[ = el £ o
. J( e ,;o c,.uj> an (10)

By Eq.(8) we have G%(x)=2([,/*du—
Y i—ollujl3c). Using the Bessel’s inequality and the

2

2
2

2
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hypothesis of the theorem it follows that
G (a;) > 0, which means the point is a minimum.
Eq. (10) can be rewritten as follows:

Oti<f - i cjttjf = i Cj“j>

= <f — 2 cupfowi— ) 55‘”“;‘>-
j=0 ji=0
Finally, using Eq. (8), we have

(<ir - 3 i)

n
= {fifow) — Z Hu,-H%cjf?}‘),
j=0

and we obtain, as a solution, the value 4&; in
Eq. (7). O

4.1. Remark

Actually, we do not have any guarantee that by
using Eq. (7) we will satisfy the condition K < 1
since the parameters are obtained through an un-
constrained minimization. However, we have al-
ways verified experimentally the contractivity
condition in our test cases with different approxi-
mation orders, i.e., choices of n. The general results
resisted all our attempts to prove it formally. How-
ever, under some particular condition, we can show
that the operator T obtained by Eq. (7) is contrac-
tive in Z*(A).

Proposition 3. Let fe £?(A) be a non-negative func-
tion with ||f|, #0. When considering the zero-
order approximation, i.e. n =0, and o; > 0, ¥ > 0,

o are not all zero, the operator T defined by the

parameters of Eq. (7) is a contraction in L*(A).

Proof. Rewriting Eq. (7) for j = 0 we have
“i(”f“% - C%) = {fifowy —¢co 5(0”,

and hence

o [ f13 + 1S9 = Lo fow,

where ¢l = — oo, and f is non-negative. By

the Schwartz’s inequality,

%l FI5 + 111108 < Ufll2- ILfowill. (11)

For convenience of notation, we indicate
D; = |det L;|. Squaring both sides in Eq. (11), multi-
plying by D; and summing over i we get

N N
1£113 3 DioZ + If1IF Y Do)
i=1 i=1

N
+ 20130111 Y, Do o < 11113,
i=1

since

N
I£13 =3 Dillfowil3.

i=1

Hence,
N N .
|f|‘z‘<2 Dytf — 1> + 1113, Dol
i=1 i=1

N
+ 201131111 Y. Diueps’ <0
i=1
When o; > 0, ¢ > 0 and ¢§’ are all not zero, the
left ~member is  strictly  greater  than
N
IFI5Q-  Dioid — 1.

Finally, we have

N
|f|§'< Y. D — 1> <0,
i=1

that guarantees the required contractivity since
| fIl> # 0 by hypothesis. [

5. Applications to block image coding

In order to apply the BFOA to image coding we
consider the image decomposed in square blocks of
8 x 8 or 16 x 16 pixels. A single block becomes the
domain A of the brightness function f, the function
we want to approximate. We choose wy, w,, wia, wy
as the functions that map a square in its four equal
sub-quadrants. Later in this section we will discuss
a more general subdivision of blocks.

We first choose Legendre and Chebychev poly-
nomials as orthogonal system {u;};—o, ., How-
ever, the best results were obtained with the cosine
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basis which is briefly described in appendix A. Also
we did some experiments using the Haar wavelet
basis (see Appendix A).

For each block we compute from Eq. (7) the
coefficients o; and ¢\, i = 1,...,4, which build the
best fractal orthogonal approximation. The encod-
ing of the block is represented only by these coeffi-
cients. The problem of quantization of the encoding
is outside the scope of this paper. Our work pro-
poses a new approximation model, and not yet
a compression technique.

However, we compare our results with a similar
place-dependent method which uses standard poly-
nomials for the g, called the Bath Fractal Trans-
form [15-17], when no search is performed. In the
BFT, the authors obtain the coefficients of the
polynomials and the value of a coefficient that
plays the role of «; by a least-squares optimization
performed by a numerical resolution of linear
systems.

In Tables 1-3 and in Fig. 1 we show the approx-
imation error evaluated in the #*-norm for ‘Lena’
(Fig. 3) using the BFOA with different orthogonal
bases. When the number of parameters are equal

Table 1
RMS error for ‘Lena’ using Monro-Dudbridge polynomial.
Blocks are 8 x 8 pixels

Order Parameters RMS

0 2 7.73009
1 4 4.81795
2 6 4.01304
3 8 3.80255
Table 2

RMS error for ‘Lena’ using cosine basis. Blocks are 8 x 8 pixels.
By * we indicate a choice of intermediate order. The order is m as
in Eq. (12)

Order Parameters RMS

7.73009
4.75527
3.42942
3.09499
2.73753
2.05501

W%k N % = O
—_ 00 3 N BN

Table 3
RMS error for ‘Lena’ using Haar basis. Blocks are 8 x 8 pixels.
The resolution factor is m as in Eq. (13)

Resolution factor Parameters RMS

0 2 7.73009
1 3 7.10770
2 5 5.00614
3 9 4.17559
4 17 0.00000
8

7+ _]
6 - -
5 _]
4+ .
3 - -
2+ -
1+ -
0 1 1 ] I 1

0 2 4 6 8 10 12

number of parameters per transformation

Fig. 1. RMS error for ‘Lena’ choosing different bases: < cosine
basis, + Haar basis, 0 Monro—Dudbridge polynomial.

our approach gives a reconstruction error lower
than the polynomial approximation in [15]. Addi-
tionally, not having ill-conditioned problems that
are instead present in the BFT, it is possible to get
an approximation error as low as we want by
simply raising the order.

Finally, in order to evaluate the benefits of
a more general tiling of the blocks, we implemented
an adaptive searching of the best splitting point of
the IFS that describes the domain A. The underly-
ing motivation is to understand how much a better
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representation, in the fractal sense, of the domain of
f could contribute to a better overall approxima-
tion.

Let us assume that the block dimension is P x P
pixels. Each choice of (r, s) in the set of admissible
points

{5

defines an IFS {4, wy, w,, w3, w,} with attractor A.
An example of a particular choice (r,s) € & and the
corresponding maps w; is shown in Fig. 2. We con-
sider the best splitting point the one whose IFS
minimizes Eq. (6).

The optimization problem in & is solved through
a gradient descent method, starting from the center
of the block. We verified that our algorithm con-
verges always to the global minimum and that

(klakZ)e[l""’P - 1]

x[l,...,P—l]},

®(1,1)

00)

Fig. 2. The subdivision of 4 in wy(A).

Table 4
RMS error for ‘Lena’ with searching for the best (r, s)

checks on average one-fourth of the cardinality
of 9.

Table 4 summarizes our experiments that em-
ploy the above strategy. Since we can afford to
increase the order of the approximation we can
safely have a bigger block dimension. If one
chooses, for example, 16 x 16 blocks with 16 para-
meters per transformation, we have the same ratio
data/parameters as for the 8 x 8 blocks with 4 para-
meters per transformation, but the reconstruction
error is lower (cf. Figs. 4-6).

6. Conclusions

We introduced a general theory for the position-
dependent fractal approximation of functions in

Fig. 3. ‘Lena’ digitized 512 x 512, 8 bit per pixel.

Block size Basis Parameters Data/total parameters RMS
8x8 Haar 4 4:1 5.36103
8x8 Cosine 4 4:1 4.34129

16x 16 Cosine 16 4:1 3.80247
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Fig. 4. Blocks 8 x 8 pixels, cosine basis, 4 parameters per trans-
formation with searching for the best (r,s), RMS = 4.34129.

Fig. 5. Blocks 8 x 8 pixels, Haar basis, 4 parameters per trans-
formation with searching for the best (r,s), RMS = 5.36103.

#?*(R"), called the ‘best fractal orthogonal approxi-
mation’, that connects IFS and orthogonal bases.
Loosely speaking, our method is capable of ‘trans-

Fig. 6. Blocks 16 x 16 pixels, cosine basis, 16 parameters per
transformation with searching for the best (r, s), RMS = 3.80247.

forming’ a classic place-dependent approximation
into a fractal approximation.

Our approach can be very useful in multidimen-
sional signal processing. In particular, we showed
an application to two-dimensional discrete data,
and specifically to digital images. Compared with
other position-dependent approximation described
in [15-17] it yields better quality of the approxima-
tion and less computational efforts.

More adaptive geometry, better methods of
searching block similarities and more adaptive
functional approximation seems to be the main
goals of the future progresses in fractal image com-
pression.

Recent papers [5,7,13,22] propose to search the
similarity relations in the wavelet domain of the
images. The results are comparable to state-of-
the-art methods for image coding and they are
attracting new research interests.
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Appendix A. Some remarks on the orthogonal bases
used

In the following we outline the two prominent
basis we used in our experimentations: the cosine
basis and the Haar wavelet basis.

A.1. Cosine basis

It is well known that the functions
udx)ui(y), i,j=0,1,..., where uyt) = cos knt,

form a complete orthogonal system on the set
I? =[0,1] x [0,1].
The decomposition of f(x, y) of order m is given

aguX)uiy),  (12)

r1

1
hij = J u(xjuj (y) dxdy
0

Jo
1 i=0=j,
={1/4
\1/2 i=0,0rj=0,i#]j

i,j>0,

A.2. Haar basis

Theorem 2 is also remarkable because it allows
to use wavelets. We choose the following ortho-
gonal basis of elementary wavelets — a set of func-
tion generated by dilation and translation of single
function v, called the ‘mother wavelet’ —

Y (x) =277 Y(B'x — k),
where as mother wavelet we choose

1 xe[0,1]%[0,1/2),
— 1 xe[01]x[1/2,1],

xeR? jeZ, keZ?,

Y(x) = {

and the matrix B, called matrix dilation, is

(7o)

This two-dimensional orthogonal basis of wavelets
can be considered a generalization in #?*(R?) of the
Haar’s system [8].

If one chooses the orthogonal basis i, the de-
composition of f(x) at the resolution factor m is
given by

i Y apbudx), xel?, (13)

Jj=0 keZ?

where the coefficients aj, are

a = Lj(x)wjk(x) dx.

The sum in Eq. (13) is taken over multi-index
k such that xe I

Note that the integrals involved in the computa-
tion of the coefficients, with respect to the bases
described above, can be easily implemented as dis-
crete summation. Alternatively, it is possible to
compute directly the coefficients by using efficient
algorithms like the FFT for the cosine basis, or the
DWT for wavelets.

References

[1] B.Bani-Eqbal, Speeding up fractal image compression, in:
Proc. SPIE 1995 Symp. on Electronic Imaging: Science
& Technology, Vol. 2418 of Still-Image Compression, 1995.

[2] M.F. Barnsley, Fractal functions and interpolation, Con-
structive Approximation 2 (1986) 303-329.

[3] M.F.Barnsley, Fractals Everywhere, Academic Press, New
York, 1988.

[4] M.F. Barnsley, L.P. Hurd, Fractal Image Compression,
AK Peters Ltd., 1993.

[5] G.M. Davis, A wavelet-based analysis of fractal image
compression, IEEE Trans. on Image Processing, to ap-
pear.

[6] S. Demko, L. Hodges, B. Naylor, Construction of fractal
objects with iterated function systems, Comput. Graphics
19 (3) (1985) 271-278.

[7] B. Forte, E.R. Vrscay, Inverse problem methods for gener-
alized fractal transform, in: Y. Fisher (Ed.), Fractal Image
Coding and Analysis: NATO ASI Series Book, Springer,
Berlin, 1996.

[8] K. Grochenig, W.R. Madych, Multiresolution analysis,
haar bases, and self-similar tilings of R", IEEE Trans.
Inform. Theory 38 (2) (1992) 556-568.



S. Lonardi, P. Sommaruga | Signal Processing

[9] E.W. Jacobs, Y. Fisher, R.D. Boss, Image compression:
A study of the iterated transform method, Signal Process-
ing 29 (1992) 251-263.

[10] A.E. Jacquin, A fractal theory of iterated Markov oper-
ators with applications to digital image coding, Ph.D.
Thesis, Georgia Tech, 1989.

[11] A.E. Jacquin, A novel fractal block-coding technique for
digital images, in: Proc. ICASSP, 1990, pp. 2225-2228.

[12] A.E. Jacquin, Image coding based on a fractal theory of
iterated contractive image transformations, IEEE Trans.
Image Process. 1 (1) (1992) 18-30.

[13] H. Krupnik, D. Malah, E. Karnin, Fractal representation
of images via the discrete wavelet transform, in: Proc.
IEEE 18th Conv. of EE, Israel, 1995.

[14] B.B. Mandelbrot, The Fractal Geometry of Nature, Free-
man, New York, 1982.

[15] D.M. Monro, Generalized fractal transform: Complexity
issues, in: J.A. Storer, M. Cohn (Eds.), Proc. Data Com-
pression Conf. 1993, pp. 254-261.

: Image Communication 14 (1999) 413—-423 423

[16] D.M. Monro, F. Dudbridge, Fractal approximations of
image blocks, in: Proc. ICASSP 92, Vol. 3 of Multidimen-
sional Signal Processing, 1992.

[17] D.M. Monro, F. Dudbridge, Fractal block coding of im-
ages, Electron. Lett. 28 (11) (1992) 1053-1054.

[18] G.E. @ien, L,-Optimal attractor image coding with fast
decoder convergence, Ph.D. Thesis, Institutt for Teletek-
nikk, Universitetet I Trondheim, 1993.

[19] G.E. @ien, S. Lepsoy, T.A. Ramstad, An inner product
space approach to image coding by contractive trans-
formations, in: Proc. ICASSP 1991, pp. 2773-2776.

[20] H.O. Peitgen, D. Saupe, The Science of Fractal Images,
Springer, Berlin, 1988.

[21] P. Sommaruga, Modelli frattali di oggetti naturali, Le
Scienze (italian edition of the Scientific American), 282
(1992) 36-44, in Italian.

[22] A.vande Walle, Relating fractal compression to transform
methods, Ph.D. Thesis, University of Waterloo, 1995.



