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Abstract— Region-basedfunctionality offered by the MPEG-4
video compressionstandard is also appealing for still images,for
exampleto permit object-basedqueriesof a still-image database.
A popular method for still-image compressionis fractal coding.
However, traditional fractal imagecoding usesrectangular range
and domain blocks. Although new schemeshave beenproposed
that mergesmall blocksinto irr egular shapes,the merging process
does not, in general, produce semantically-meaningful regions.
We proposea new approach to fractal imagecoding that permits
region-basedfunctionalities; imagesare coded region by region
according to a previously-computed segmentationmap. We use
rectangular rangeand domain blocks,but divide boundary blocks
into segmentsbelonging to differ ent regions. Sincethis prevents
the useof standard dissimilarity measure,we proposea new mea-
sure adaptedto segmentshape.We proposetwo approaches:one
in the spatial and one in the transform domain. While providing
additional functionality , the proposedmethodsperform similarly
to other testedmethodsin terms of PSNR but often result in im-
agesthat are subjectively better. Due to the limited domain-block
codebooksize,the new methodsare faster than other fractal cod-
ing methods tested. The resultsare very encouragingand show
the potential of this approachfor various internet and still-image
databaseapplications.

Index Terms—Still image coding, fractal image coding, region-
basedcoding,region-basedfunctionalities

I . INTRODUCTION

Region-basedfunctionalityhasbeenextensively exploredin
thecontext of videosequencesandtodayis oneof themoreap-
pealingfeaturesof MPEG-4,thenew videocompressionstan-
dard [1]. Although much lessexplored with respectto still
images,we believe region-basedfunctionality has its merits
thereas well, for example in object-basedqueryingof still-
imagedatabases.This is especiallyappealingwhen applied
to semantically-meaningfulregions,that is regionsthat corre-
spondto projectionsof 3-D objects. Sincean automaticex-
tractionof semantically-meaningfulregionsis computationally
challenging,it is usually performedoff-line, prior to the en-
coding,by meansof sophisticated,CPU-intensive algorithms.
Clearly, of interestareimagecompressionmethodsthatcanen-
coderegions independentlyof one anotheraccordingto pre-
computedsegmentationmaps,and subsequentlypreserve in-
dependenceof the encodedregions during transmission.Al-
gorithmsthat satisfy the above constraintsbelong to region-
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basedimage codingmethodsthat form an alternative to stan-
dard,block-basedcoding;insteadof block-by-blocktreatment,
an imageis compressedand transmitted/storedregion by re-
gion. Thedecoderis capableof receiving andinterpretingeach
region's data (e.g., shapeand texture) regardlessof whether
otherregionsaretransmittedor not. Suchanapproachhastwo
bene�ts. First, it permitsnew functionalitiesat the receiver,
suchasadvancedobject-basedqueries,selective region trans-
mission(e.g.,mostinterestingregions�rst), or objectreplace-
ment. Someof suchoperationsarepossiblein a block-based
systemif imagesegmentationis performedat thedecoder. The
advantageof region-basedcoding is that the segmentationis
performedeitherat or prior to theencoding,wherecomputing
resourcesareoftenmoreabundant.Secondly, for a givenrate,
region-basedcoding often achieves better imagequality than
standardcodingsinceregion boundariesusuallycoincidewith
intensityedgesthataredif�cult to encode.

A popularmethodfor still-imagecompressionis fractalcod-
ing. Traditionalfractalimagecodingis essentiallyblock-based
[2]; the imagedomain is decomposedinto squarerangeand
domainblocks and a contractionmappingis found that best
mapsdomainblocks into rangeblocks [3]. This contraction
mappingde�nes a fractal code of the image. Similar prin-
ciple can be applied in the spectraldomain, for exampleby
meansof the discretecosinetransform(DCT) appliedto each
rangeanddomainblock prior to �nding the contractionmap-
ping [4], [5]. Otherhybrid schemesusingwaveletshave been
recently proposedas well [6], [7], [8], [9]. Attempts have
alsobeenmadeto extendfractalcodingbeyonduniformsquare
blocks in order to adaptthe coding to local imagecharacter-
istics and consequentlyincreasecoding performance. This
hasleadto eithersquareor rectangularnon-uniformpartition
schemessuchasquadtree[10], [11] andhorizontal-verticalpar-
titioning [12]; the usualcoarse-to-�neapproachstartsfrom a
maximum-sizerangeblock and performsrecursive partition-
ing of blocksaccordingto a quality metric. In �ne-to-coarse
quadtreepartitioning[13] small blocksaremergedinto larger
blocks within a quadtree. Alternatively, neighboringrange
blocks can be merged without the quadtreerestriction; right-
angledirregularly-shaped(IS) rangeblocks result [14], [15],
[16], [17], [18]. Althoughtherange,andconsequentlydomain
blocks,cantakeonavarietyof shapes,thismethodcreatespar-
titions basedon thresholdinga simplelocal metricandcannot,
in general,producesemantically-meaningfulregions. In this
sense,themethodis texture-adaptive ratherthenregion-based;
semantically-meaningfulregionsareneitherencodednor trans-
mittedindependentlyof eachother.

In this paper, we explorefractal imagecodingin thecontext
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of region-basedfunctionality. We proposetwo region-based
fractal coding schemesimplementedin spatialand transform
domains,respectively. In both approachesregionsarede�ned
by a prior segmentationmap,andarefractal-encodedindepen-
dentlyof eachother. A new dissimilaritymeasureis proposed
that is limited to single-region pixels of the rangeblock. Nu-
merousexperimentalresultsareshown.

In SectionsII andIII, we introducethe notationandbrie�y
review fractal image coding with regularly- and irregularly-
shapedblocks. The proposedspatial-and transform-domain
region-basedfractal coding methodsare describedin Sec-
tions IV andV, respectively. In SectionVI numerousexperi-
mentalresultsareshown whereasin SectionVII we draw con-
clusions.

I I . FRACTAL IMAGE CODING WITH REGULARLY-SHAPED

RANGE AND DOMAIN BLOCKS

Let I (x ) beimageintensityof apixel atpositionx = (x; y),
and let f r 1; : : : ; r N g be the set of N non-overlappingrange
blocks (i.e., collectionsof pixel coordinates)partitioning the
image. Similarly, let f d1; : : : ; dM g be the setof M , possibly
overlapping,domainblocks covering the image. Finally, let
I r i = f I (x ) : x 2 r i g andI dj = f I (x ) : x 2 dj g.

For eachrangeblock r i thegoalis to �nd adomainblockdj

anda contractive mappingwi that jointly minimize a dissim-
ilarity (distortion)criterion " . The contractive af�ne mapping
wi consistsof threesub-mappings:

1. contraction � (I ; x ): usually precededby lowpassanti-
alias�ltering; e.g.,K -fold contractionwith four-neighbor

averaging:I (x )
� ( I ;x )
 � 1

4

P
y 2 � (K x ) I (y ), where� is the

�rst-order neighborhood(N-E-W-S),
2. photometrictransformationto accountfor different dy-

namic rangesof pixels in the rangeand domainblocks:


 (I )
4
= sI + o, wheres is a scalingfactor(gain) ando is

anoffset,
3. geometrictransformation� (inversemapping: range!

domain): � (x )
4
= A x + b, wherex 2 r i , A is a 2� 2

matrix andb is a translationvector(this mappingmustbe
1-to-1betweenpixelsof therangeanddomainblocks).

The overall transformationwi that maps a domain-block
pixel into therange-blockpixel at x is:

wi (I ; x )
4
= 
 � � (I ; � (x )) ; x 2 r i ; (1)

where� is the compositionoperator. The above generalex-
pressioncanbe simpli�ed by constrainingthe transformation
A to eightcases:4 rotations(0o, 90o, -90o, 180o) and4 mirror
re�ections(mid-horizontal,mid-vertical,�rst diagonal,second
diagonal)[3], [19]. We denotethe setof possibletransforma-
tionsA by f � pg8

p=1 . Furthermore,by expressingbi implicitly
astheindex of thedomainblock, i.e., j in dj , we canwrite wi

asfollows:

wi (I dj ; x )
4
= si � � (I dj ; � p

i (x )) + oi ; x 2 r i ; p 2 f 1; :::; 8g:
(2)

In orderto encoderangeblock r i , a searchfor index j (do-
mainblockdj ) andfor anisometry� p

i mustbeexecuted,jointly
with thecomputationof photometricparameterssi andoi . This
canbe performedby minimizing the following mean-squared
error

" (I r i ; I dj ; wi ) =
1

jr i j

X

x 2 r i

[I r i (x ) � wi (I dj ; x )]2; (3)

wherejr i j = Card(r i ). While the isometry� p
i and index j

(equivalent to translationb) are usually found by exhaustive
search,thescalingsi andoffsetoi arecomputedasfollows

si =

P
x 2 r i

[� (I dj ; � p
i (x )) � mdj ][I r i (x ) � mr i ]P

x 2 r i
[� (I dj ; � p

i (x )) � mdj ]2
; (4)

oi = mr i � si � mdj ; (5)

wheremr i andmdj arethemeanintensityvaluesin therange
and domainblocks, respectively. Insteadof transmittingthe
photometricoffsetoi (in additionto j , � p

i andsi ), meanvalue
mr i of the rangeblock r i canbe transmitted.This permitsa
preciserepresentationof themeanlocal intensitybut to assure
convergenceatthedecoder, withoutaconstraintontheintensity
scalingcoef�cients [10], requiresa modi�cation of thephoto-
metric transformation.This canbe consideredasorthogonal-
izationwith respectto theconstantblocksandhasbeentreated
in detail in [20].

In DCT-basedmethods,�rst all rangeanddomainblocksare
transformedvia DCT: bI r i = DCT(I r i ) andbI dj = DCT(I dj ).
Let u = (u; v) bea2-D frequency of aDCT coef�cient andlet
� p

i be oneof the 8 isometriesdiscussedbeforebut adaptedto
theDCT coef�cient domain[21], [4]. Thecontractionmapping
� must be rede�ned as well to accountfor propertiesof the
frequency u . Ratherthanperformingspectralsubsampling,the
mapping� canbe,for example,de�ned asfollows: a K � Q �
K �Q domainblock bI dj is mappedontoaQ� Q rangeblock bI r i

while retainingonly the low-frequency partof thespectrumof
bI dj [22]. The local af�ne transformationwi is thencomputed
by minimizing thefollowing dissimilaritymeasure

"( bI r i ; bI dj ; wi ) =
1

jvr i j

X

u 2 v r i ;u 6= 0

[bI r i (u ) � wi ( bI dj ; u )]2; (6)

wherethe summationis performedover all frequenciesin the
DCT-transformedrangeblock exceptu = 0. Above, vr i de-
notesthe setof frequencies(after DCT) for block r i ; vr i spa-
tially coincideswith r i but its membersarediscretefrequencies
(jvr i j = Card(vr i )). Theexclusionof u = 0 is dueto thefact
that usuallythe meanintensityof the rangeblock r i (equalto
bI r i (0)) is transmittedinsteadof theoffsetoi .

For the simpli�ed transformation(2), the domain-blockin-
dex j , the isometry� p

i andthe scalingfactorsi are found by
minimizing " above. Thus, to encodethe block r i , for each
combinationof j and� p

i , thescalingfactoris computedasfol-
lows:

si =

P
u 2 v r i ;u 6= 0 � ( bI dj ; � p

i (u )) bI r i (u )
P

u 2 v r i ;u 6= 0 [� ( bI dj ; � p
i (u )]2

;

and the bestcombinationof the threeparametersis selected,
i.e., theonethatgivesthelowest" .
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I I I . FRACTAL IMAGE CODING WITH

IRREGULARLY-SHAPED RANGE AND DOMAIN BLOCKS

Thebasicunit on which a typical fractalcoderoperatesis a
rectangularblock,whetherrangeor domain(Fig. III(a)). In or-
der to allow operationon non-rectangularrangeblocks,merg-
ing of blocks into compositerangeblockshasbeenproposed
in thepast[23], [14]. First, oneof the rangeblocksis chosen
asa seedanda suitabledomain-to-rangeblock transformation
is found.Then,four neighboringrangeblocksnearestfrom the
seedaswell asfourneighboringdomainblocksnearestfromthe
domainof theseedareexamined(Fig. III(b)). Theseedtrans-
form is extendedto cover theseedandoneof its neighbors,and
a thresholdon thedissimilaritymeasuredetermineswhich ex-
tensionsareacceptable.If a particularextensionis accepted,
thetransformationremainsextendedandtheneighborblock is
mergedwith theseed.Theprocessis recursively appliedto all
neighborsof theextendedseedtransformation.Whentheseed
transformationhasbeenenlarged as much as possiblethen a
new seedis usedfrom the next uncodedrangeblock and the
processis repeated.Thegoal is thusto mapaslargegroupsof
contiguousdomainblocksaspossibleinto groupsof contigu-
ousrangeblocks,all with thesametransformation(Fig. III(c)).
If thetransformationusedis anisometry, thentheshapesof the
rangeanddomaincompositeblocksareidentical.

(a)

Seed

Possible
extension

(b)

Composite
range block

(c)

Fig. 1. Illustrationof fractal imagecodingwith irregularly-shapedrangeand
domainblocks[14]: (a) regularpartitioning(atomicblocks),(b) addinganex-
tensionto the seedtransformation,(c) irregularly-shapedrangeand domain
blocks.

To �nd optimal transformations(irregularly-shapedrange
blocksandcorrespondingtransformations)for a given distor-
tion, an exhaustive searchof the spaceof blocks needsto
be performed. Sincethis is hardly practical,suboptimalbut
computationally-ef�cient approacheshavebeenproposed,such
as heuristicalgorithm [14], evolutionary algorithm [15], [16]
anddeterministicsearch[17].

Note, that the describedmethodcreatesimagepartitioning
during encodingand doesnot useany prior partitioning, un-
like in MPEG-4.In this respect,themethodis texture-adaptive
and not region-based. The computedirregular partitionsare
not semantically-meaningful,although, coincidentally, some
range-blockboundariesmay coincide with semantic-region
boundaries.

IV. REGION-BASED FRACTAL IMAGE CODING IN THE

SPATIAL DOMAIN

In a typical fractalimagecoder(SectionII), rangeblocksare
de�ned independentlyof imagecontentandmay overlap two
or moreobjects(regions)with quitedifferentintensitycharac-
teristics(Fig. IV-A); the searchfor a gooddomain-rangecor-
respondencemay be dif�cult. This dif�culty is also present,

S1

2S2S

S1

U

U

Fig. 2. Block with two segmentsS1 andS2 , belongingto differentregions,
andits decompositioninto two blockswith de�ned pixels (grey), eitherin S1

or in S2 , andunde�nedpixelsin U (white).

althoughto a lesserdegree,in texture-adaptive fractal coding
presentedin SectionIII. To alleviatethis problem,we propose
a new approachto fractal imagecodingthataccountsfor prior
imagesegmentationso asto encoderegions independentlyof
eachother. This allows independenttransmission/storageand,
therefore,decodingof individual regions,thuspermittingnew
functionalities.

A. Proposedapproach

Segmentationmapassociatesa labelwith eachimagepoint;
same-labelpoints form a region. We proposeto usesquare
rangeanddomainblocksasin thestandardcase,but to restrict
thedistortionmeasure" (3) to a subsetof pixel locationsin the
rangeblock that areassociatedwith oneregion only. We call
this subseta segment;anexampleof block with two segments
is shown in Fig. IV-A).

Let Sn
dj

bethen-th segmentin thedomainblock dj (a block
may consistof more than 2 segments). Similarly, let Sm

r i
be

the m-th segmentin the rangeblock r i . Let eI dj be a padded
(extrapolated)versionof I dj de�ned asfollows:

eI dj (x ) =

(
I dj (x ) if x 2 Sn

dj
;

v otherwise;
(7)

wherev is apaddingvalue,typically zero,meanlocal intensity
in Sn

dj
or intensityvalueat the nearestpixel within Sn

dj
. We

de�ne anew distortionmeasure" asfollows:

" (I r i ; eI dj ; wm
i ) =

1
jSm

r i
j

X

x 2S m
r i

[I r i (x ) � wm
i ( eI dj ; x )]2; (8)

wherewm
i denotesan af�ne transformationfor segmentSm

r i
.

Note, that comparedto (3), the above distortion is evaluated
only atpixel positionswithin asinglerangeblocksegmentSm

r i
.

Clearly, whentheshapesof Sm
r i

andof thecontracteddomain
segmentSn

dj
do not match,an extrapolationof somepixels in

thedomainblock is required,hencethepadding(7). Also note,
that when the rangeand domainblocks examinedhappento
bothlie in theinteriorof theregionbeingencoded,Sm

r i
andSn

dj

cover thewholerangeanddomainblocks,respectively, andthe
distortion(8) simpli�es to thestandardcase(3).

Similarly to thestandardfractalcoding,for everyrangeblock
segmentSm

r i
we searchfor a domainblock segmentSn

dj
anda

mappingwm
i that jointly minimize" . Thedomain-blockindex

j andtheisometry� p
i arefoundby exhaustive search,whereas

theparameterssi andoi arecomputedsimilarly to (4) and(5),
respectively, but with the summationsrestrictedto Sm

r i
. The

imageis reconstructedat the decoderby iterative application
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of themappingwm
i restrictedto Sm

r i
. A proof of convergence

of this algorithmhasbeengivenby Mansouri[24] andcanbe
foundin theAppendix.

B. Choiceof search space

The computationalcomplexity of encodingan imageusing
the proposedmethodis directly relatedto the size of search
spaceoverwhichthedistortion(8) is minimized;thenumberof
permissibledomainblocksplaysthedominantrole. Themost
demandingcaseis wheneach segmentof every domainblock
of theimageis considered;thedomain-blockcodebookis built
from the whole image. This exhaustive procedureis theoreti-
cally optimal but extremely involved computationally. More-
over, it doesnotallow for independentdecodingof regions.

In orderto assureregion-by-region encoding/decodingboth
rangeanddomainblocksmustbe locatedwithin the samere-
gion R. Therefore,while minimizing the distortion (8), four
casesregardingthelocationof blocksr i anddj with respectto
theregionR mayarise:

1. r i anddj arebothinteriorblocks(int/int),
2. r i anddj arebothboundaryblocks(bnd/bnd),
3. r i is an interior block whereasdj is a boundaryblock

(int/bnd),
4. r i is a boundaryblock whereasdj is an interior block

(bnd/int).

While in the �rst casestandardfull-block searchis executed
amongregion's interior blocks (3), in the secondcaseonly
partial matchingis performedusingdissimilarity measure(8)
as both rangeand domain blocks are on region's boundary.
Clearly, intensitypadding,to befurtherdiscussedin SectionIV-
C, is neededwhencontractedSn

dj
doesnot fully encloseSm

r i
. In

the third case,intensityextrapolation(7) of the domainblock
is alwaysneededsincer i is an interior block whereasdj is a
boundaryblock. Although usually a bettersolution than us-
ing intensitiesfrom a neighboringregion (standardfractalcod-
ing), the paddingis likely to result in sub-optimalintensities
(paddinginaccuracy) as comparedwith domainblocks fully-
enclosedin a region. In thefourth case,no paddingis needed;
r i is aboundaryblockwhile dj is aninteriorblock. Althougha
feasiblescenario,this caserequiresa costlyexaminationof all
interiordomainblocksfor eachboundaryrangeblock; typically
therearemany moreinterior thanboundaryblocks.

In the mostcomplex scenariothat assuresregion-by-region
functionality, a 1+2+3+4searchis performed(all 4 casescon-
sidered). We expect that the third (int/bnd) and the fourth
(bnd/int) casewill contribute little to the PSNRperformance
of thecompression.By skippingthethird case,a1+2+4search
canbe performedwith the additionalbene�t of reducedcom-
plexity. Similarly, by skippingthe fourth casea 1+2+3search
canreducethe complexity by not consideringinterior domain
blocksfor eachboundaryrangeblock. By skippingbothcases,
a 1+2 searchresults in additional computationalsavings by
mappingboundaryblocksonly amongthemselvesandmapping
interiorblocksontointeriorblocksonly. A schematicrepresen-
tationof the1+2searchis shown in Fig. IV-B.

To evaluate the performance/complexity tradeoff with re-
spectto varioussearchscenarios,we have encodedindepen-
dently the foregroundsand the backgroundsof four MPEG-
4 test images(seeSectionVI for details). We have tested
four searchscenarios:1+2+3+4,1+2+3, 1+2+4 and 1+2, all
with LPE padding(SectionIV-C), but we are presentingre-
sults only for the most (1+2+3+4) and least (1+2) complex
cases.TableIV-B shows PSNR,rateper pixel andCPU time
(for a 360MHz Ultra-5 Sun workstation)for the foregrounds
and backgrounds,respectively, of the four test images. Note
the reductionof computationtime by 25-51%while suffering
only 0.04-0.46dBperformancepenalty. The complexity and
performanceof the 1+2+3and1+2+4searchscenariosstayed
betweenthoseof the1+2+3+4and1+2 scenarios.Clearly, the
1+2search(int/int, bnd/bnd) is attractivecomputationallywhile
at the sametime achievesvery goodperformance.In the re-
mainderof thispaperwewill usethe1+2searchonly.

C. Choiceof paddingfor boundarydomainblocks

In the1+2searchscenario(int/int + bnd/bnd) selectedfor fur-
therexperiments,boundarydomainblocksneed,in general,to
beextrapolated(7). This situationariseswhenthe(contracted)
domain-blocksegmentSm

dj
doesnot fully enclosethe range-

blocksegmentSm
r i

underconsideration.
Weexaminetwo paddingschemesadoptedin MPEG-4:low-

passextrapolation(LPE)paddingusedin theintra-framemode
andzero-value(ZERO) paddingusedin the inter-framemode.
In the MPEG-4LPE padding,the unknown pixels of the do-
mainblock (U in Fig. IV-A) are�lled with theaveragevalueof
pixelswithin thesegmentSn

dj
:

mdj =
1

jSn
dj

j

X

x 2S n
d j

I dj (x ); (9)

andthenarelowpass�ltered. We do not performthe lowpass
�ltering explicitly, but we rely on thelowpasspropertiesof the
spatialaveragingexecutedwithin the contractionoperator� .
The ZERO paddingwasproposedin MPEG-4 for zero-mean
blocks suchas thoseresultingfrom inter-frame motion com-
pensation.We examinethis paddingmode,asa potentialal-
ternative to the LPE padding,due to its lower computational
complexity.

In TableIV-B the two rightmostcolumnscompareLPE and
ZERO paddingfor the 1+2 searchin termsof PSNR,bit rate
andCPUtime. Note thatwhile a lossof performance(0.01to
0.57dB)wasexpected,aminimalreductionin CPUtimeis abit
surprising;paddingseemsto contributeminimally to thecom-
putationalcomplexity. SincetheLPE paddingperformsbetter
with insigni�cant CPUpenalty, it will beusedin theremainder
of thispaper.

D. Encodingof parameters

The following parametersof eachrangeblock segmentSm
r i

needto be encodedfor subsequenttransmissionor storage:
photometricgain si and meanintensity mr i , translationvec-
tor b (expressedin termsof the relative positionof Sn

dj
with
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(a) (b)

Fig. 3. Schematicillustrationof theproposedregion-basedspatial-domainfractalcodingscheme.(a) Interior rangeblocksarematchedagainstinterior domain
blocksof thesameregionandboundaryrangeblocksarepartiallymatched(8) againstsame-regiondomainblocks.(b) Segmentsof boundaryblocksareprocessed
independently:segmentS1

r i
is mappedonto thedomainblock dj by af�ne transformationw1

i , while segmentS2
r i

of thesamerangeblock r i maybemapped
ontoasegmentof anotherdomainblockby adifferenttransformation.

TABLE I
PERFORMANCE COMPARISON OF REGION-BY-REGION SPATIAL-DOMAIN FRACTAL CODING IN TWO SEARCH SCENARIOS (1+2+3+4 AND 1+2) AND TWO

PADDING SCENARIOS (LPE AND ZERO). SEE TEXT FOR DETAILS.

1+2+3+4search(LPE) 1+2search(LPE) 1+2search(ZERO)

PSNR Rate CPU PSNR Rate CPU PSNR Rate CPU
[dB] [bpp] [s] [dB] [bpp] [s] [dB] [bpp] [s]

Foregrounds

Cyclamen 32.88 0.30 128 32.42 0.29 62 32.11 0.28 61
News 30.47 0.25 108 30.10 0.24 56 30.00 0.24 55

Foreman 39.11 0.23 96 39.00 0.23 61 38.86 0.23 61
Children 28.34 0.13 32 27.92 0.13 17 27.88 0.13 16

Backgrounds

Cyclamen 40.28 0.40 208 40.07 0.40 110 39.50 0.40 114
News 33.66 0.40 316 33.38 0.40 205 33.22 0.40 204

Foreman 29.40 0.40 277 29.36 0.39 208 29.35 0.38 206
Children 31.88 0.51 480 31.70 0.51 352 31.67 0.51 349

respectto Sm
r i

), andaf�ne transformationA reducedto 4 rota-
tions and4 mirror re�ections. Sincesi andmr i have, in gen-
eral,non-uniformdistributions,entropy codingusuallyproves
bene�cial. We chose5-bit quantizationof si and7-bit quan-
tization of mr i , reportedin the literatureto give goodperfor-
mance[10], followedby Huffmancoding. To ensurethatboth
the encoderandthe decoderusethe samesi andmr i values,
we quantizeboth during the minimizationof the dissimilarity
measure(3), i.e., prior to eachevaluationof " . We encodethe
vectorb asa relative positionof Sn

dj
with respectto Sm

r i
using

�x ed-lengthcodewords (determinedby imagesize). We use
3-bit codewordsfor the8 possiblerotations/re�ections.

Thesegmentationmapsalsoneedto betransmittedin order
thatduringthedecodingsuitablesegmentsbecut out from the
domainblocksandmappingwm

i be properlyapplied. A dis-
cussionof thesegmentationmapencodingis beyondthescope
of this paper; the readeris referredto recentliterature(e.g.,

[25]). We note,however, thatstate-of-the-artlosslessmethods
allow transmissionof typicalsegmentationmaps(MPEG-4test
sequences)at about0.01-0.03bpp[26] with lossy intra-frame
methodsreducingthis rateevenfurther.

V. REGION-BASED FRACTAL IMAGE CODING IN THE

TRANSFORM DOMAIN

In DCT-basedfractal coding (SectionII), boundaryrange
blockscontainpixelsfrom two or moreobjects.Thus,similarly
to thespatial-domaincase,independentdecodingof objectsis
not possible.Also, the codingquality may suffer sincepixels
ondifferentsidesof theboundarymayhavedifferentcharacter-
istics; by applyingthestandardDCT to sucha block, spectral
propertiesof thesepixelsaremixedup makingthesearchfor a
goodrange-domaincorrespondenceunreliable.In particular, a
sharpintensitytransitionmaycausesigni�cant spectraloscilla-
tions.
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A. Proposedapproach

In order to alleviate the above de�ciencies,we proposeto
apply shape-adaptive DCT (SA-DCT) [27] to eachsegment
S of the boundaryrangeanddomainblocks. The basiccon-
cept of the SA-DCT is to perform vertical 1-D DCTs on the
de�ned pixels �rst (Fig. IV-A), and then to apply horizontal
DCTs to the vertical DCT coef�cients with the samevertical
frequency index. Fig. V-A illustratesthis idea. The�nal coef-
�cients of the SA-DCT arelocatedin the upper-left cornerof
eachblock. The numberof the SA-DCT coef�cients is iden-
tical to the numberof de�ned pixels. Sincethe shapeof each
segmentis transmitted,thedecodercanperformtheinverseSA-
DCT. The most importantbene�t of SA-DCT is its capability
to adaptto arbitrarily-shapedregions;themethodsimpli�es to
thestandardDCT for rectangularsegments.

(b)(a) (c)

U

S

Fig.4. Illustrationof SA-DCT: (a)arbitrarily-shapedregion;(b) verticalalign-
mentfollowedby vertical1-D DCTs;(c) horizontalalignmentfollowedby hor-
izontal1-D DCTs.

Dueto its goodperformance,theSA-DCTalgorithmhasbe-
comeacommontool for codingof arbitrarily-shapedimagere-
gionsand, in particular, hasbeenincorporatedinto MPEG-4.
We usea variant of SA-DCT, called � DC-SA-DCT [28]. It
improvestheperformanceof theSA-DCTby meansof two ad-
ditionalprocessingsteps:extractionof theDC componentfrom
the segmentS beforeperformingforward SA-DCT and� DC
correctioncarriedoutduringtheinverseSA-DCT.

Similarly to thespatial-domaincoding(SectionIV) we limit
thesearchspaceof domainblocksto allow region-basedfunc-
tionality: eithereachinterior rangeblock is matchedagainstin-
terior domainblocksof thesameobject(standardfractal/DCT
codingof SectionII applies),or eachboundaryrangeblock is
matchedagainstdomainblocksfrom theboundaryof thesame
object. We processeachsegmentof the rangeblock r i inde-
pendently. First, we apply the SA-DCT to eachsegmentSm

r i

of the block r i (Fig. V-A) andthenwe �nd parametersof the
transformationwm

i for eachsuchsegment.
Recallthat bI r i andbI dj areDCT-transformedblocksof inten-

sitiesI r i andI dj . Let Pm
r i

(Fig. V-A) bethesegmentSm
r i

after
SA-DCT. Note that the shapeof P m

r i
is different from that of

Sm
r i

dueto the executedvertical andhorizontalshifts,but that
the numberof de�ned pixels is unchanged.Also, let bI m

r i
(u )

be an SA-DCT coef�cient in P m
r i

at frequency u . To �nd the
bestdomainblockdj for agivenrangeblockr i , weproposethe
following distortionmeasurein thetransformdomain:

" =
1

jP m
r i

j

X

u 2P m
r i

;u 6= 0

[bI m
r i

(u ) � wm
i ( eI n

dj
(u ))]2; (10)

where eI n
dj

is an extrapolatedn-th segment of the SA-DCT-

transformeddomain-blockintensity:

eI n
dj

(u ) =

(
bI n
dj

(u ) if u 2 Pn
dj

;

v otherwise:
(11)

Although various v valuescould be used, the to-be-padded
coef�cients are at higher frequenciesand thereforea logical
choice,thatwe adopthere,is to setv to zero(ZERO padding).
Clearly, contributions to " are only madeat indices within

1S

U

Vertical 1-D DCTs

Horizontal 1-D DCTs

S

S

S

U1

2 2

P P 21

Fig. 6. Exampleof applicationof the SA-DCT to a boundaryblock with
two segments.Note that dueto horizontalandvertical shifts the shapeP i is
differentfrom thatof Si .

range-blocksegmentP m
r i

. If at frequency u , a coef�cient in
Pm

r i
existswhile it doesnot exist in thesegmentP n

dj
of thedo-

mainblock underconsideration,thena signi�cant contribution
to " is made. Thus, good matchesshouldbe found between
similarly-texturedrangeanddomainsegmentsthathave either
similarshapesor little spectralcontentatrangecoef�cients with
no domain-segmentcorrespondence,eitheranacceptablesolu-
tion. In the casea domain-blocksegmentP n

dj
fully encloses

Pm
r i

, it is likely to be acceptedif same-index coef�cients are
similar in Pn

dj
andPm

r i
. Unfortunately, if thesegments'shapes

or sizesarevery different,thebasisfunctionsfor P n
dj

andPm
r i

maydiffer substantially;despitesimilar coef�cient values,the
spatial-domainintensitypatternsmaybequitedifferentin both
casesthusdegradingperformance.This ambiguity, aswe will
seelater, prevents the SA-DCT-basedmethodfrom attaining
signi�cantly higherperformancethanthatof theproposedspa-
tial method(SectionIV).

B. Choiceof search space

As shown in Fig. V-A thesearchfor parametersof thetrans-
formationwi is executedindependentlyfor eachsegmentof a
rangeblock. However, asigni�cant reductionof computational
complexity is possibleif commondomain-blockpositionj (b)



BELLOULATA AND KONRAD: FRACTAL IMAGECOMPRESSIONWITH REGION-BASEDFUNCTIONALITY 7

jdS
1

jdS
2

jdir

w 1
i

ir
S 2

S 1
ir

SA-DCT

SA-DCT

d jri

iw

kw

R

)DCT(r DCT(dk l )

SA-DCT(d) )

kr d l

i jSA-DCT(r

(a) (b)

Fig. 5. Schematicillustration of the proposedregion-basedtransform-domainfractal codingscheme.(a) Interior rangeblocksarematchedagainst interior
domainblocksof thesameregionandboundaryrangeblocksarepartiallymatched(10)againstsame-regiondomainblocks.(b) Segmentsof boundaryblocksare
processedindependently:thesegmentS1

r i
is mappedontoasegmentof thedomainblockdj by af�ne transformationw1

i , while thesegmentS2
r i

of thesamerange
block r i maybemappedontoa segmentof anotherdomainblock by a differenttransformation.Interior blocksaretransformedby DCT while boundary-block
segmentsaretransformedusingSA-DCT.

andisometry� p
i areusedfor all the segments,but si andmr i

arecomputedindependentlyfor eachsegmentin orderto allow
precisematchingof textures. We have experimentedwith this
approachandwe have observeda performancedegradationof
lessthan0.1dBwhile reaching20-30%reductionof the CPU
codingtime. Someresultsusingthis approachhave beenpre-
sentedby usearlier[29]. For theremainderof this paper, how-
ever, we will usethe independentsearchfor all segmentsof a
rangeblock.

C. Encodingof parameters

The parameterssi , mr i , b, andA of eachsegmentareen-
codedexactly in thesamefashionasin thespatial-domainap-
proach(SectionIV-D).

VI . EXPERIMENTAL RESULTS

We have comparedthe proposedregion-basedfractal cod-
ing methodswith otheralgorithmson a setof still imagesex-
tractedfrom MPEG-4 test sequencesCyclamen(SIF), News1

(CIF), Foreman(CIF) and Children (CIF). The segmentation
mapsusedarethoseprovidedwithin MPEG-4exceptfor Fore-
manwhich we segmentedmanually. Only theluminancecom-
ponentof eachimagewasused.Note thatout of thesix com-
pressionmethodscomparedonly themethodsproposedin this
articlepermitregion-basedfunctionality:

1. standardfractalcodingin thespatialdomain(SectionII)
– Fractal/Spatial,

2. hybrid fractal/DCTcoding(SectionII) – Fractal/DCT,
3. shape-adaptive fractal codingin thespatialdomain(pro-

posedin SectionIV) – SA-Fractal/Spatial,
4. shape-adaptive hybrid fractal/SA-DCT coding in the

transformdomain(proposedin SectionV) – Fractal/SA-
DCT,

1Theoriginal MPEG-4sequenceNewsconsistsof 4 objects(news anchors,
“MPEG-4WORLD” graphics,screenandbackground).Wehavecombinedthe
original backgroundwith the screenandthe graphicsinto a new background,
while leaving thetwo newsanchorsastheforegroundobject.

5. evolutionaryfractalcoding[16] (SectionIII) – Evolution-
ary,

6. JPEGcompressionstandard- JPEG.

Identicalcodingparameterswereusedin the �rst four fractal
codersin all experiments,including the samequantizerand
Huffman coding of the transformationparameters.Basedon
our prior research[8], we have appliedseveral improvements
to the �rst four fractal coderslisted above. In order to im-
provethecompressionperformanceall non-boundaryrangeand
domain blocks (full blocks) are classi�ed accordingto their
intensity variance. This classi�cation permitsthe parameters
of rangeblocks from differentclassesto be processeddiffer-
ently. For rangeblocks with extremely small variance,only
themeanvaluemr i is encoded,whereastheothertransforma-
tion parametersare skipped,thus increasingthe compression
ratio with no quality penalty [30]. Rangeblocks with small
varianceare encodedby transmittingall parametersof trans-
formation wi but the searchis executedonly amongdomain
blocks with small variance. Similarly, for rangeblocks with
large variancethe searchis performedonly on domainblocks
with largevariance.Anotherimprovementthatwehaveapplied
is quadtreepartitioning.We have appliedquadtreepartitioning
to all rangeblocksin thestandardfractalcodingmethods(Frac-
tal/Spatial and Fractal/DCT), and only to the non-boundary
(full) blocksin theshape-adaptivemethods(SA-Fractal/Spatial
andFractal/SA-DCT). Startingwith 8� 8 rangeblockswehave
dividedtheminto four 4� 4 blockswhenever intensityvariance
exceededcertain threshold[11]. The resulting rangeblocks
werealwaysmatchedagainsttwice largerdomainblocks. The
block splitting basedon intensityvarianceincursa small per-
formancepenaltyascomparedwith thesplitting basedon dis-
similarity measure" (3) [10], but is muchmoreef�cient com-
putationally.

Theevolutionarycoding[16] wasperformedusingthecoder
freely availableon the internet[31]. While thecommonsetof
parametersfor all theimageswas:-e 4 -s 5 -o 7, there-
mainingparameters(-b -r ) were: (3, 600)for Cyclamen, (4,
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720)for Foreman, (4, 750)for News, and(3, 300)for Children.
WeusedtheJPEGcoderasimplementedin thexvprogram(ver-
sion3.10a).Theexperimentswereexecutedona360MHzSun
Ultra-5workstation.

A. Encodingof objectsoveruniformbackground

High-contrastobjectsare dif�cult to encodedue to sharp
intensity transitionsat objectboundaries.Sincethe available
MPEG-4 test sequenceshave few high-contrastobjects, we
createdthem syntheticallyby replacingthe backgroundwith
uniform intensity. We consideredtwo backgroundintensities:
meanintensity of the object and uniformly black color (dra-
matic object/backgroundtransition). In both experimentsno
quadtreepartitioningwasapplied. TableVI-A shows the dis-
tortion (PSNR),bit rateandexecutiontimesfor all four fore-
groundobjectswith mean-intensitybackground.ThePSNRis
computedover completeimagesandre�ects the performance
of eachalgorithmalsowithin the backgroundcloseto object
boundary.

It is clear from the table that the proposedshape-adaptive
methodsboth in the spatial and transformdomainsperform
similarly or betterthan their non-shape-adaptive counterparts
(-0.10to 1.58dBgain). In thecaseof zero-valuedbackgrounds
(not shown in the table),the improvementwasmoredramatic
(0.92 to 6.60dBgain). However, suchcaseof extremelyhigh
contrastusuallycharacterizesonly smallareasin animageand
thushassmall impacton the overall gain. Note alsoa signif-
icant reductionof the CPU time for someimages(News and
Foreman). This is not surprisingsincethe searchspaceis re-
ducedto the int/int–bnd/bndcase,while the overheaddue to
theSA-DCT is minimal dueto 1-D DFTsappliedto relatively
smallblocks.

In comparisonwith theevolutionaryalgorithm,theproposed
methodsachieve lower PSNRfor all imagesexcept Foreman
for whichthey show upto 3.39dBgain. Comparingto JPEGthe
new methodshave lower PSNRfor CyclamenandNews(up to
-1.52dB)but higherfor ForemanandChildren(up to 1.80dB).
For zero-valuedbackgroundtheproposedmethodsperformed,
asexpected,muchbetterthantheother4 schemes.Also, note
a signi�cant reductionin codingtime for our methodsin com-
parisonto theevolutionaryalgorithm.

In order to visually comparethe performanceof the pro-
posedalgorithmswith theirnon-shape-adaptivecounterparts,in
Fig. VI-A weshow theencodedimageNews. Notethatall four
algorithmsdo not usequadtreepartitioning. Visually, thepro-
posedalgorithmsoutperformthe standardnon-shape-adaptive
fractal methods,althoughthis is not evidencedby PSNRval-
ues. The reasonfor this is that the concentratedimprovement
aroundthe“MPEG-4WORLD” graphicsis compensatedfor by
numeroussmallererrorsthroughouttheobjects.Therelatively
highPSNRvalues,despitesigni�cant distortionspresentwithin
theobjects,aredueto theuniform backgroundthat is encoded
with very little distortion.

B. Encodingof completeimages

To verify the performanceof the proposedalgorithmsin a
more realistic scenario,we performeda rate-distortioncom-
parisonon completeimages,i.e., with textured background.

Considering,asbefore,theFractal/Spatialalgorithmasrepre-
sentative of non-shape-adaptive algorithms(TableVI-A), �rst
we have encodedall four test imagesas complete frames
(no region-basedfunctionality). Then, we have encodedthe
sameimagesregion-by-region usingtheSA-Fractal/Spatialal-
gorithm. In both tests,the samequadtreepartitioning as the
onedescribedin SectionVI-A was used. The rate-distortion
curves areshown in Fig. VI-B. Note that the new algorithm
performsslightly betterfor CyclamenandNews for thewhole
rangeof bit rates,while it is slightly worsefor Foremanand
Children. Overall, basedon PSNRvalues,it is fair to saythat
our new algorithmsperformsimilarly to standardfractal cod-
ing algorithms.Note that the ratefor shapeinformationis not
accountedfor in Fig. VI-B. However, aswe have mentioned
before(SectionIV-D), andashasbeenpointedout elsewhere
in the literature[27], theshapeinformationratehasnegligible
impacton theperformancesincemoderncompressionmethods
canencodeobjectboundariesat therateof about0.01-0.03bpp
[26].

A visual con�rmation of the above claimscanbe found in
Figs. VII andVII whereresultsfor encodingNews andFore-
manat 0.72bppareshown. We have selectedcodingparam-
etersso asto assurebetterquality for the foregroundthanfor
thebackground.Note the muchlessdistortedareaaroundthe
“MPEG-4 WORLD” graphicsin Newsfor theregion-basedal-
gorithm,which is re�ected in analmost3dB PSNRgain. The
new algorithmis slightly outperformedin PSNRby the Frac-
tal/Spatialalgorithmfor Foreman, but thevisualdifferencesare
insigni�cant. Recall that the SA-Fractal/Spatialalgorithmal-
lows imagedecompositionat thedecoderwith no needfor im-
ageanalysis,asis demonstratedin Figs.VII(c-d) andVII(c-d).
Moreover, all this is doneat a muchlower computationalcom-
plexity. While the Fractal/Spatialalgorithm needed790 and
757secondsto encodeNewsandForeman, respectively, theSA-
Fractal/Spatialalgorithmneededonly 322and328seconds.At
no,or very little, performancepenaltytheproposedalgorithms
addnew functionalityto theencodingof still imagesanddo so
ata lowercomputationalcost.

VI I . CONCLUSION

We have introducedfractal imagecodingwith region-based
functionality. While retainingsquarerangeanddomainblocks
we have modi�ed thedissimilaritymeasureto accountfor pix-
els belongingto one region only. Accordingly, we have re-
strictedthesearchfor matchingdomainblocksto theregion of
interest.Consequently, thedecodercanresolve a region with-
out referenceto the informationaboutotherregionsof the im-
age.This permitsinterestingoperationsat thedecoder, suchas
object-basedqueries,selective objecttransmissionor evenob-
ject replacement.The proposedapproachdiffers from other
region-basedfractal coding methodsproposedrecently [16],
[18] in that it doesnot performimagesegmentationduringen-
codingbut accountsfor a prior segmentation.Sincean auto-
matic computationof semantically-meaningfulregions is ex-
tremelydif�cult, our approach,by exploiting a prior segmen-
tation, candelegate the segmentationto sophisticatedoff-line
algorithms.As wasdemonstrated,theproposedalgorithmsper-
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TABLE II
COMPARISON OF CODING RESULTS FOR FOREGROUND OF THE FOUR TEST IMAGES WITH THE BACKGROUND SET TO MEAN INTENSITY OF THE

FOREGROUND.

Cyclamen News Foreman Children

PSNR Rate CPU PSNR Rate CPU PSNR Rate CPU PSNR Rate CPU
[dB] [bpp] [s] [dB] [bpp] [s] [dB] [bpp] [s] [dB] [bpp] [s]

Fractal/Spatial 32.40 0.32 118 30.15 0.25 108 37.65 0.23 96 28.10 0.15 33
SA-Fractal/Spatial 32.42 0.33 109 30.10 0.26 70 39.00 0.24 65 28.00 0.15 28

Fractal/DCT 32.52 0.33 120 30.10 0.24 107 37.82 0.23 98 28.00 0.14 35
Fractal/SA-DCT 32.75 0.33 110 30.31 0.26 78 39.40 0.24 70 28.17 0.15 36

Evolutionary 33.53 0.33 187 31.02 0.26 140 36.01 0.24 204 28.41 0.15 256
JPEG 33.94 0.33 3 31.61 0.26 3 37.60 0.24 3 26.52 0.15 2

(a)Fractal/Spatial(30.15dBat0.25bpp) (c) Fractal/DCT(30.10dBat0.24bpp)

(b) SA-Fractal/Spatial(30.10dBat0.26bpp) (d) Fractal/SA-DCT(30.31dBat0.26bpp)

Fig. 7. Foregroundof Newstestimagewith mean-valuedbackgroundencodedusingfour fractalcodingmethods.

form similarly numericallybut often bettervisually thanstan-
dardfractalalgorithms.Althoughwehavecomparedourmeth-
odswith only threefractalcodingalgorithms,ourapproachcan

be easily incorporatedinto other fractal codingschemes.For
example, the proposedregion-basedfunctionality can be ex-
tendedto quadtree[10], horizontal-vertical [12], evolutionary
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Fig. 8. Rate-distortionperformanceof region-basedfractalcoding(SA-Fractal/Spatial) andstandardfractalcoding(Fractal/Spatial) for completeimages.

[15], [16], [18], triangularandquadrilateral[32] or theoptimal
hierarchicalpartitioning[33] schemesby constrainingthedis-
similarity measureandthedomain-blocksearchto a singlere-
gion. Theperformancebene�tsof thoseschemescanbemain-
tainedwhile thefunctionalityof thecodercanbeenhanced.
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APPENDIX

The following lemma and its proof are quoted verbatim
from [24] and prove the convergenceof the proposedSA-
Fractal/Spatialalgorithm with �xed padding(zero-valuedor
mean-valued).

Lemma1: Let 
 beanopenboundedsubsetof R 2 (theim-
agedomain), let 
 0 � 
 be an opensubsetof R 2 (the re-
gion to be fractal coded),and let � : L p(
) ! L p(
) , with
p 2 [1; 1 ], be a mappingsuchthat k� (f ) � � (g)kL p (
) �
Ckf � gkL p (
) ; 8f ; g 2 L p(
) , for some0 < C < 1 (thecon-
tractionmapping).Let v 2 R (thepaddingvalue),andde�ne
the operatorP : L p(
) ! L p(
) (the paddingoperator)by
P(f )(x) = f (x); 8x 2 
 0, andequalto v otherwise.Then,
thecompositionP � � : L p(
) ! L p(
) is acontractionmap-
ping.

Proof: 8f ; g 2 L p(
) ,
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(a)Fractal/Spatial(27.33dB at0.73bpp) (c) SA-Fractal/Spatial(32.63dB at0.40bpp)

(b) SA-Fractal/Spatial(30.12dB at0.72bpp) (d) SA-Fractal/Spatial(30.10dB at0.32bpp)

Fig. 9. TestimageNewsencodedusing: (a) standardFractal/Spatialalgorithm,and(b) proposedSA-Fractal/Spatialalgorithm;andits decompositioninto (c)
foregroundand(d) background.

kP � � (f ) � P � � (g)kL p (
) = k� (f ) � � (g)kL p (
 0 )

� k� (f ) � � (g)kL p (
)

� Ckf � gkL p (
) Q.E.D.
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(c) foregroundand(d) background.
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