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ABSTRACT

Different conventional and Fractal base image compression techniques

-will be applied on biomedical images and comparative study of results
will be attempted.

Here we developed Quadtree based fractal compression method and
also discuss the merging procedure of wavelet and fractal compression
method .
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CHAPTER 1.

1. Introduction :

Data compression has become an important issue for information storage and
transmission. This is especially true for databases consisting of a large number of
‘detailed computer images .Recently, many methods have been proposed and developed for
rwhieving high compression ratios for compressed image .A  promising compression
technique, in terms of compression ratios, is fractal image compression . Here we use
‘fractal compression on wavelet transformation of a grayscale image. The advantage of
hybridising the wavelet and fractal is not just for pure C()mpression performance , in
fact, there are two important features that are strongly demanded in today's digital
tmage market : progressiveness and resolution independence . As a matter of fact
there are technologies that can achieve either feature well but not both, until now . The
wavelet sub-band coding echnology  has a natural  progressive  structure  that has
been proven by Said and Pcarlman |2]. And the fractal image representation gives a

powerlul resolution-independent image representation that serves tor mulii-uses.

We apply this method on medical images, since medical images typically have a degree
of randomness associated with both  the natural random nature of the underlying
ﬁ_ucture . If we regard the pixel intensity as  high above a plane , then the intensity
surface of a medical image can be viewed as a rugged surface . The fractal concept
provides an excellent explanation of the ruggedness of natural surfaces and many other

matural phenomena.f 3] .

Now the question is what advantage does a wavelet compression system  have



that other compression techniques do not 72 The essence of wavelets  is variabie
manipulation . As a result , the gains are reflected in two geometric aspects.  The first
gain is in decorrelating the vertical and Horizontal , and diagonal frequencics of
an image locally . Indeed , most image pieces have definite pictures in one of
the wvertical, horizontal, or diagonal dircction .Actually ,when an image piece
significantly involves all directions, it would considered a noisy pieces, where higher
distortion would be acceptable . The seccond geometric gain is derived from  the

delicate choice of wavelet | 11],]2].

Here we  Choose  Haar-Walsh-Hadamard  decomposision which is  equivalent to
the square image partition ; Its lossy image representations always give a blocky Images

, Which are visually intolerable.

1.1 What is Fractal Image Compression ?

Imagine a  special type of photocopying machine that reduces the image to he
copied by a hall and reproduce it three times on the copy, as in figure . What happens
when we feed the output of this machine back as input 2 which we show here by
applying several process of this method . Ultimately we will get a fixed image , we

call this image as atfractor|!].

Copying
machine

Fig :1 Copying machine generates three copies of the circle image .



Since the final result of running the copy machine in a feedback loop s
determined by the way the input image is transformed we only describe these
transformations. Different trans- formations lead to different attractors, with the
technical limitation that the transformations must be confractive—that is .a given
transformation applied 1o any two points in the input image must bring them closer
together in (he copy. This technical condition is very nataral since it points in the copy
were spread out the  attractor might have to be of infinite sizelixcept for this condition

the transformations can have any form. In practice, choosin g transtormation of the form

x| j(ablx]| TJe

=
I
-+

Cidifl y fi §

18 sutticient to yield a rich and interesting set of altractors . Such a transformation are
called Affine Transformations of the plane and cach can skew streich, rotate. scale and

translate an input nnage.,

1.2 Previous works :

The term fractal was first used by Benoit Mandelbort (0 designale objects that
are sell  similar at different scales . Mandelbort did not actually consider fractals for
compression , but he showed  that they could be used for modeling reat objects such as
clouds , trees , mountains ctc. Micle Barnsley  and his co-workers at the ( ICOTE T
[nstitute of Technology were first (o recognize the potential interest of fractal method for
image compression . Por this, Barnsley developed the theory ol Iterated Function

System (IF'S) in 1981 . But this method comes to impractical tor lots of calculation and



also it is not an automated method . In 1988 Jacquine gives an idea about partition  the
image in non overlapping region and Y .Fisher , Roger Boss and Bill Jacobs developed
a theory which is known as Partition IFS . In 1995 Y Fisher developed the algorithm

Quadtree based fractal compression also lots of research  also going on about this

method .

1.3 Our Work :

“~ We have developed the Quadtree based fractal compressin method using Y Lisher
‘s algorithm . We have tested our algorithm on medical image and also try to minimize

the loss of the image for a given smail threshold value Since the image is medical we

always try to keep the loss minimum . After completion of this method we try 1o

implement a merging method of fractal and wavelet . Our objective 18 to compress an

image data as much as possiblc and simultancously check for minimum loss of the image
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CHAPTER 2:

2. Mathematical Background :

Hutchison introduced the theory of iterated function system ( a term coined by M.
Barnsley ) to model collection of contractive transformations in a metric space as
dynamical systems . His idca was to use the Contractive Mapping Fixed-Point Theorem
to show the existence and uniqueness of fractal sets that arise as fixed points ol such
systems . It was barnsley s observation , however , that led to the idea of using iterated
function systems (IFS s) to encode the images. He noted that many fractals that can be

very compactly specified by Iterated Function Systems have a natural appearance. { 1]

2.1 Fractals
There is no hard and fast definition of fractals , but has a list of propertics . 1 we
consider a set I 1o be fractal , we think ol it as having some of the following properties:
F has detail at ¢very scale.
F has (exactly, approximately, or statistically ) self-similarity.

The fractal dimension of Fis greater than its topological dimension .

. There is a simple algorithmic description of F.

Definition 2.1: The topological dimension of a totally disconnected set is always zero .
The topological dimension of a set F is n it arbitrary small ncighbourhoods of every point

of F have boundary with topological dimensionn - 1.
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2.2 Complete Metric Space:

et I{w) be an interval of real line (O,w) for some w > 0. An image fis a function
f:I(w)xI(h) -> I{i), where w,h,i arc width, height, and maximum intensity value of the
image , respectively. Vor simplicity ,we assume w = h, and let I{w) = I(h). Thus, the image
can be viewed as a setin I xI(i). By imposing some distance metric d on I xI{i} we create

a metric space X.

Definition 2.2: A metric space 1s a set X on which a real- valued distance function .

XxX —Ris defined , with the following propertics :

. d(a,b)20 foralla,be X.

dab)=0if and only ifa = b, forall a, be X.
d@ab) =dbha)lorallabe X
d(a,c) < d(a,b) + d(b,c) lor all a,b,c € X

such a function d is called metric .
Definition 2.3: A sequence of points { x,}in a metric space is called a Cauchy sequence iff
for any € > 0, there exists an integer N such that

d (x,.X,) <€ foralln, m>N

Definition 2.4: A metric space X is complete if every Cauchy sequence in X

converges to a limit point in X',

DPefinition 2.5 : A metric space X is compact if it is closed and bounded.



Definition 2.6: A contractive mapping W on a metric space X with metric d,is a mapping

W: X — X such that for any two points x,y € X we have

dW(x),W(y)) < s. d(x,y) wheres <1.

2.2.1 The Contractive Mapping Fixed Point Theorem:

Let X be a complete metric space and f : X —X be a contractive mapping . Then there

. exists a unique point xn € X such that for any point xe X

X, = %) = lim % (x)

fi—oc

such a point is called a fixed point or attractor of the mapping f

proof: proof given in reference [1].

2.2.1 Corollary : (Collage Theorem ) : With the hypothesis of the contractive Mapping

Fixed Point Theorem.

dix,n) < 1/(s-1) *d(x, f(x)

2.2.2 Generalised Collage Theorem :

Let f be eventually contractive with exponent n; then there exists a unique tixed point

xn € X such that for any xe X

X = f(x,) = lim f M(x)

k—poc



in this case
dx, )< 1/ (1-5)*(1-6"1-0)*d (x, {(x),

where s is the contractivity of f and o is the Lipschitz factor of f.

Proof: given in reference [1].

2.3 Iterated Function System :

Before discussing about iterated function system we first try to understand about

the generation of synthetic image using fractals. Consider three transformations as follows;

x| [ 0Tx] [0
Wi vl Lol vl o
X .ol x] [0
w1_)’ 10 Yo v + i

x| [%s0Tx] [1
W1 1 +
LYl [0 Bly 0

fig: 2 for three mapsw,,w, , w,
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I'or any set §, let

W= uU w

Denote the n-fold composition of W withitself by W ie W = W(X) W = W(W(X))
and so on

W = WW(W(.......WCE)))

L2, 3

k number

and let I =[0,1]. Now define X = {(x,y):0<x< |, 0<y<i}=Fand A*=WA¥").
Then as k—o<  the set A * converges (o a limit set A™ _In fact, for any compact set § C
RZ%W™S) > A™ .asn— o . This A is called Atltractor (or fixed point) in the image
space. Le. W(A)=A . I

Fig : 3.1 Fig 3.2 Fig 3.3

Figure 2 corresponds to map W applying on figure 1 and fig : 3 corresponds to

map W applying on lig 2.



10)

So an iterated function system (IFS) on X is the union of a collection of
contractive mappings {Wi} on metric space X . According to the contractive mapping

fixed point theorem, stated as follows:

If F is a complete metric space, and W:X—X is a contractive transformation, then

there exits a unique fixed point

IWl=1lim W (A) ,forany Ae X.
N~—yoc

An IFS has a unique attractor in the space of possible images on I .

This formula suggest that we will seck the transformations wy, w,, ws , ... w, which

encode a given {ractal .The transformations should satisly the relation
IWI = W(IWI) = wi(IWHU....U w(IWI).

which means that the fractal IW! is built up of parts that are the result of compressing!

rotating, translating, and skewing the fractal itself. The parts wi(IW]),.... w (IWbhare said

to cover the fractal IWI.

But this process cant be automated, the machine can find the good IFS only with
considerable help from a person guiding the compression process. Thus IFS based

compression turned out impractical.
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2.4 Partitioned iteratted function system (PIFS):

A partitioned IFS on a metric space is a collection of of contractive mappings with
restricted domains. Let Dy, Dy, .., 1D, be subsets of X and Ry, Rz, .., R, be a
disjoint cover of 1. We refer 1o the collection {Di} as the set of domains and {Ri} as the
set of ranges. A PIFS W on X is the union of a set of contractive mappings {Wj} such that

for cachk {1,2, m} there exists a ) such that
Wj:Dj x I(I) =Rk x I().

Such a PIFS satisfies the contractive mapping fixed-point theorem, and thus has a

unique attractor f in the space of possible images onl.

Note : The objective of fractal image compression is to [ind a PIFS whose attractor is
very close to the original image. Image compression realised when the storage

requirements of the PII'S are lower than the original image .

2.5 Encoding Images With PIFS.

Definition 2.: If w:R*® R3is amap with (X.y,zI' ) = w(xyzl) and (X.y,z22) =
w(x, y. z22) , then w is called z contractive if there exists a positive real number s < I

such that
| z1'-22| € s| zl - zZ21|

and if X and y are independent of z1, or z2 for all x, y, 21, 22.
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Lemma : If wi, w», .., W, are z-contractive , then

W=uU W
I=1

1S contractive in X with the supremum metric .

Proof : given in reference | 1].

2.6 Quadtree Partitioing Scheme:

A quadtree partition is a representation of an image as a tree in which each node :

corresponding to a square portion of the image , contains four subnodes | corresponding

Lo the four quadrants of the square . The root of the tree is the initia)l image .

. e o e -
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CHAPTER 3

§3. Quadtree Based Fractal Image compression :

3.1 Encoding :

The ranges are sclected as lollows : atter some initial number of quadtree
partitions are made ( corresponding to a minimum trec depth ) |, the squares at the
nodes are compared with domains from the domain library i.c. the set of classified
domains, which are twice the range size . The pixels in the domain are averaged in
groups of four so that the domain is reduced (o the size of range , and the atline
transformations of pixel values (i.e. scaling and offset ) is found that minimises the rms
difference between the transformed domain pixel values and the range pixel values . All '
the polential domains are compared with the range . If the resulting optimal rms value is
above a pre-selected threshold and the depth of the quadtree is less than a pre-selected
maximum depth , then the range square is subdivided into four quadrants , te add four
sub-nodes to the node corresponding the range , and the process is repeated . If the rms
value is below the threshold , the optimal domain and the atfine transtormation on the
pixel values are stored -- this constitutes one map w; . The collection of all such maps W

= U w;, constitutes the encoding .

But our aim is to minimize the stored bits . for this, tirst , afline transformation on
the pixel values consists of a multiplication by a scaling factor s; and an addition of an
offset value 0, . These values must be quantized for efficient storage , and it 1s these

gquantized values that are used when computing the rms difference . Second ,  1f the
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magnitude of the optimal scaling factor | s;1 is greater than 1 for any of the w; , there is a
chance that the resulting map W will not be eventually contractive . Thus, 1s; | larger than

some maximal value Sy are truncated.

3.2 The calculation of RMS metric

Suppose there are two image containing n pixel intensities , a; , & a, from
domain and by .b, , by lrom range, then we want (o construct S and o to

minimize the quantity

This will give us the contrast and brightness setting . The minimum of K occurs when

the partial derivatives with respect to s and o are zero, which occurs when

ny ab —-Xa Xb
i =}

1 =1 i=l1

§ = — — -
n HZr_lalz _( “Z_al)2

and

o= I/ Ehi—ﬂzii]
{ =1

In this case .



16

R= 1/n[ b2 -sGXa’-2Yha + 203a )+o(n.0-22bg)J
i =1 o= i=1 1 =1 |
If denominatorof s iszerothen s=0 and o :“a;{hi

and the rms error is equal to R

3.3 The Classification :

we use a classification scheme in order to minimize the number of domains compared
with a range . Before the encoding , all the domains in the domain library are classified ;
this avoids the reclassification of domains . During the encoding of a potential range is
classified , and only domains with the same (or near ) classification are compared with the
range . This significanty reduces the number of domains range comparisons . By near
we mean  squares that  would have been classilied differently if their pixel values were

slightly different .

There are many classified schemes , we used here  the following scheme for less
calculation and minimum run time . The scheme we use here is : a square sub-image
into  upper left , upper right , lower left, and lower right quadrants , numbered
sequentially. On each quadrant we compute values proportional to the average and
variance : if the pixel values in quadrant i arer,' .1, L, for i= 1,234, we

compultc

- and



|/

Vi= 2. (l'ij)2 - A

It is always possible 10 orient the sub-image so that the Ay are ordered in one of the

[ollowing three ways :

Majorclass 1: A; 2 Ay 2 Ay 2 Ay
Majnrclass 2:A 2 M2 A5 2 A
Majorclass 3: A =2 Ay 2 Ay 2 Ay

Once the rotation of the square has been lixed , each ol the 3 major classes has 24
subclasses consisting of 24 ordering of V; . There are 4 rotation and 4 trans
formation consisting of 8 orientation for each classes i.e. 72 classes in all . 1f the scaling
value s; is negative , the ordering of the classes above are rearranged . Therefore each
domain is classified in two orientations , one orientation for positive s; and the other for

negative s; .

Iig :5 A square image can always be oriented so that the brightness , or average

values , of its quadrants fall into one of these canonical positions.
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3.4 Decoding :

Decoding an image consists of iterating W from any initial image . The
quadtree partition is used to determined all the ranges in the image . FFor each range R,
, the domain D, that maps to it is shrunk by two in each dimension by averaging non-
overlapping groups of 2 x 2 pixels . The shrunken domain pixels values are then
multiplied by s , added to o, and placed in the location in the range determined by the
orientation information . This constitutes one decoding iteration. The decoding step is
ilerated until the fixed point is approximated ; that is , until further iteration does not

change the image or until the change 1s below some small threshold  vatue |
3.5 Eflicient Storage :

To increase the compression , the foilowing bits allocation scheme are used .

Quadtree . One bit is used at each quadtree level 1o denote a further recursion or

cnsuing transformation information .

Scaling and Offset . I‘ive bits are used to store the scaling and seven lor oftset .
Domains . The domains are indexed and referenced by this index .

Orientation . Thiee bits are used in store the orientation ol the domain range mapping .

3.6 Encoding Algorithin :

Input : The original image and size of the image . also
1) The rms tolerance threshold e. .
ii) The maximum depth of the quadtree .partition .

iii) The minimum depth of quadtree partition .
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w 1The maximum allowable scaling factor s, .

Out put : * The final quadtree partition of the image .

* The scaling and offset values s, and o, for each range .

Step 1: Recursively partition the image and form a Quadtree upto .initial depth plus

One.

Step 2 : leave the first some level and take ali the nodes from  initial depth quadiree
as domain and classily them put them in several class pool . All the nodes next to this

depth as range, and mark (hem all uncovered

Step 3 :  For each range find the class in which it belongs to and for each domain

m this class find the s; and o; , and check whether the root mean square error ( rms )

If (the rms value less than given threshold )

accept this domain, s; , 0; , and the initial co-ordinate of the domain and
the

range and declare this range is covered .

Else
partitioned this range in four Square and join them to the four nodes of

the

quadtree to this node as a parent of all partition nodes. And add this

node to the domain pool .

Step 4: repeat step 3 until all the range covered or size of the nodes are 4x4.
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FLOW CHART FOR ENCODING A IMAGE

Input Image

]

v

E’arﬁtinne& the image in quad- l‘

tree fashion ~3
!
IS Each N
partition SN
size> 32
l YES
Again partiti;med all the sub-block and|
Classify all the sub-block of size 32 or
less and for each sub-bleck of size|
16or less find the class domain in ; 1
which it belongs or near class domain. vES
NO

"For all i domains of that class
calculates and o

ISi>noof

. NO domains in this
s sis less tha class
an acceptable one ~
\I.l--‘-/ o

Then store the domain data .s, o and start co-
ordinate of range domain and delete the range
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CHAPTER 4

§4 Wavelet Transformation :

There are many transformations such as Discrete Fourier transformation,
Discrete Cosine transtormation, Haar-transformation, Walsh-Hadamard  transformation
clc. We apply here loseless Haar-Walsh-transformation  so that there will be no loss
after  inverse transformation of the image . Consider the following pair of sampling filter
lor one ditnension case  Ix) = {(2x) + {(2x + 1) and hix) = {(2x) - f{2x + 1) which
converts a string of length 2n into two strings of tength n . One is called a low pass filter
and the other is called a - high pass lilter . Now the inverse transformation of these two
filter is given by f(2x) =(1(x) + h(x)) /2 and @2x + 1) = (1{x) - h(x))/2 . Soin two

dimenston case the translormation for a image Fix , y) ol width 2w and height 2h is given

by .

LL(x.y) = F(2x, 2y) + F(2x+ 12y) + F(2x, 2y + 1) + F(2x+1, 2y +1);
HL(x.y) = F(@2x, 2y) + F(2x + 1,.2y) - F(2x, 2y + 1) - F(2x+1, 2y +1);
LH(x, y) = F(2x, 2y) - F(2x+ 1.2y) + F(’x. 2y + 1) - F(2x+1, 2y +1);
HH(x, y) = F(@2x 2y} - F(2x+ 1.2y) - F@2x. 2y + 1) + F(2x+1. 2y +1);

l'or the sake of convenience , these four screens are titled into a single screen say P, of

dimension 2w x 2h

P(x,y)= LL{(x, y) P y+h)=HL{x, y)
P(x+wy = LH(x,y) P +w, y+h) = HH(x y).

The tolowing figures shows this transtormation

[l
Lo



AT AT
R,

by
hy
PHELaL L,
B L
..n...,,........,.w,...,..n:..

-. .r.r-.r .
R
R AR
et T

=

ok
-l i S R L e
e A,
Ly, H
e S
AL
sl

R ; A e
SRR S s e T e
TR R T T AT
nonar ot e Patciy ) s SR
i ?@%xxﬁwﬂ...x: A xﬁaﬁhﬂn}ﬁﬁa
e ]
AR ..ﬁ.#...n,.,..n ; DO,
A

Rt
g

L

é.aﬂ&..f&m,w

e,
R
A

SR R, L sirnliinlai i izt
RS, e R i

.

P

AT
i S AR
iR S e S L v
LR A T
R e
ﬁ.ﬁf =

e PR
B A T LR o
R R S L R
bR ;ﬁaﬁﬁ%@ s
e s
S e =

i S
T .,.u#..u..u-”ﬁ...f...r.

Wt Ly u
+H H H H
SN n.."w.m,. .".“..,................n.........,.......m e il ...........h.."......

o A L e S, vy e,
s i




4.2 Wavelet Compression method :
The wavelet compression scheme compression scheme |, has basically three stages

i). Transformation @ Which is an invertible or “lossless” transformation which

decorelates the mutually dependent parts of the image ;

ii) Quantization : Which replace transform coefficients with small integer approximation .

In theory all distortion in "lossy " is imtroduced at this stage .

iif) Remove redundancy : This an invertible redundancy remover , or entropy coder ,which
rewrites the strean of transform of transform coefficients into inore efficient alphabet to

asymptotically approach the information-theoretic minimum bit-rate.

To recover an image {rom the coded , stored data , we use the inverse of the above

methods.

I/Scannﬂd | Transform, Quantize Code - Storage

agiajul — e ey | s aare— oA - b -

Iigure: 1 Transform coding image compression device .

e - e R LEE . — R i e e lmme—as R . ¢ ———rre

Storage . DPecode | Unquantize W Inverse _______J/Resmred
franstorm Image
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Figure:6 Inverse ol transform coder : Decoder

4.3 Fractal Wavelet Compression :

The description of algorithm is very simple , begin with a  wavelet
wransformation of the image and partitioned the transformed image in  quadtree
partitioncd method and then for cach four subnode again do the same thing and
then
apply {ractal compression method for this guadtree and  store  all the domain  alter

applying quantizer and remove rcedundancy . The algorithim is given betow:
4.3.1 Coding Algorithm :

Input : the grey level raw image .
Output : The coding functions s, o;, quantized parameter , and redundant domain

data.

Step 1: Apply the haar-Walsh-Hadamard transformation to input raw image and store
all the four filters low-low , high-low, low-high and high-high to the four subnode of

the quadtree,

Step 2 : Repeat stepl until each sub-image size is equal to four by four in bits.

Step 3: Leave the first 3 or 4 depends upon image size which length and breath must
be devide by 4 and square type . and take all the nodes in this level as Domain and classity
it . and take all the nodes next to that tevel . as the range . using tractal method ry to

compressed it
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Step 4 : Now for all domains which have to store find the quantize value and use
Hoflman coding pack it to the fractal code.

43.2 Decoding Algorithm:
Input : 'The coding image
Output: The coding 1mage.

Step 1 : First find the domains :nd reconstruct the domain applying inverse Hoffinar
coding method and recover the o.13inal transformed image .

Step 2: Generate the range using fractal decoding method and generate the gquadtree
and generate the complete quadtree .

Step 3 : Then from leaf level , using inverse wavelet transformation , decode the image

4.4 Condusion : There are some works which have to be done to
impliement this aigorithm we already developed the wavelet
transformation based quadtree and also the recover method from the leaf
level nodes Recover method 1s necessary when we want to recover the
mage we will only generate the leaf level of the quadtree, after adding
fractal compression decoding scheme. we also implemeted the method of

quantization . Due to msufficient time we can’t implement this algorithim

completely.
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