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Abstract: In fractalimagecompressiorthe encodingstepis computationallyexpensve. A large
numberof sequentiatearchethroughalist of domaingportionsof theimage)arecarriedoutwhile
tryingtofind abestmatchfor anotheimageportion. Ourtheorydevelopedhereshavsthatthisbasic
procedureof fractalimagecompressiolis equivalentto multi-dimensionahearesheighborsearch.
This resultis usefulfor acceleratinghe encodingproceduren fractal imagecompression.The
traditionalsequentiaearchakeslineartime whereaghenearesheighborsearctcanbeorganized
torequireonly logarithmictime. Thefastsearcthasbeenintegratedinto anexisting state-of-the-art
classificatiormethodtherebyacceleratinghe searchesarriedoutin theindividual domainclasses.
In this casewerecordacceleratioriactorsfrom 1.3upto 11.5dependingonimageanddomainpool
sizewith negligible or minordegradationin bothimagequalityandcompressiomatio. Furthermore,
ascomparedo plain classificationour methodis demonstratetb be ableto searchthroughlarger
portionsof thedomainpoolwithoutincreasedhe computatiortime. In thisway bothimagequality
andcompressiomatio canbeimprovedat reduceccomputatiortime.

1 Intr oduction

With theeverincreasinglemandor imagessoundyideosequencegomputernimations
andvolumevisualization,datacompressiomemainsa critical issueregardingthe costof
datastorageandtransmissioriimes. While JPEGcurrentlyprovidestheindustrystandard
for still immagecompressiofthereis ongoingresearchn alternatve methods.Fractalimage
compressiots oneof them.

Basically afractalcodeconsistf threeingredients:a partitioningof theimageregion
into portionsR,,, calledranges,anequalnumberof otherimageregionsD,,, calleddomains
(which may overlap), and for eachdomain-rangepair two transformationsa geometric
one,u, . D, — Ry, which mapsthe domainto the range,andan affine transformation,
vk, thatadjuststhe intensityvaluesin the domainto thosein the range. The collectionof
transformationgnayacton anarbitraryimage,g, producinganoutputimage,’g, whichis
like a collageof modifiedcopiesof thedomainsof theimageg. Theiterationof theimage
operator!’ is thedecodingstep,i.e., it yieldsa sequenc®f imageswhich cornvergesto an
approximatiorof theencodedmage.

Thetime consumingpart of the encodingstepis the searchfor anappropriatedomain
for eachrange.Thenumberof possibledomainghattheoreticallymaysere ascandidates
is prohibitively large. For example,the numberof arbitrarily sizedsquaresubreionsin an
imageof sizen by n pixelsis of orderO(n?®). Thus,onemustimposecertainrestrictionsin
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thespecificatiorof theallowabledomains.In asimpleimplementatioronemightconsider
asdomainsg.g.,only sub-squaresf alimited numberof sizesandpositions.This defines
the so-calleddomainpool. Now for eachrangein the partition of the original imageall
elementsof the domainpool are inspected: for a given range R, anda domain D the
transformationss;, and v, are constructedsuchthat whenthe domainimage portion is
mappednto the rangethe resultv, fu, }(z) for z € R, matcheghe originalimage f as
much as possible. This step(called collage coding) usesthe well-known leastsquares
method.Fromall domainsn the poolwe selectthebestone,i.e.,thedomainD thatyields
the bestleastsquaresapproximationof the original imagein the range. In otherwords,
fractalimagecodingconsistsn approximatingheimageasa collageof transformegieces
of itself, which canbe viewed asa collectionof self-similarity properties. The betterthe
collagefits the givenimagethe higherthefidelity of theresultingdecodedmage.

In this article we cannotexplain ary further detailsand variationsof fractal image
compression. For introductorytexts or reviews see,for example,[2, 4, 5, 10]. For a
bibliographicsurwey of thefield of fractalimagecompressiorseeour paperf13].

JPEGcan be termedsymmetricin the sensethat the encodingand decodingphases
requireaboutthe samenumberof operations.On the contrary fractalimagecompression
allowsfastdecodindoutsuffersfromlongencodingimes. Thispapelintroducesnew twist
for the encodingprocessanddemonstrategs efficiency by a seriesof empirical studies.
Whatis the currentstate-of-the-art?During encodinga large pool of imagesubsetsthe
domainpool, hasto be searchedepeatedlynary times,which by far dominatesall other
computationsn the encodingprocess.If the numberof domainsin the pool is V, then
the time spentfor eachsearchis linear in N, O(N). Previous attemptsto reducethe
computatiortimesemploy classificationrschemedor the domainshasednimagefeatures
suchasedgesor bright spots. Thus,in eachsearchonly domainsfrom a particularclass
needto be examined.However, this approachreducesonly the factorof proportionalityin
the O(N) compleity.

Themaincontritution of this paperis thefollowing. Firstwe shav thatthefundamental
searchindor optimaldomain-rang@airsis equialentto solvingnearest-neighbgroblems
in asuitableEuclideanspaceof featurevectorsof domainsandranges.Thedatapointsare
givenby thefeaturevectors(alsocalledmulti-dimensionakeys) of thedomainswhile the
qguerypointis definedasthefeaturevectorof a givenrange.

Our applicationof this reasonings thatwe may substitutethe sequentiakearchn the
domainpool (or in oneof its classespy multi-dimensionalnearesineighborsearching.
Therearewell known datastructuresandalgorithmsfor this taskwhich operatein loga-
rithmic time, O(log V), a definiteadwantageover the O(N) compleity of the sequential
search.Our implementatiorandempiricalstudiesshav thatthesetime savingsin factdo
provide a considerableacceleratiorof the encodingand, moreover, allow anenlagement
of thedomainpoolyielding improvedimagefidelity.

Theremaindeof this papelis organizedasfollows. In thefollowing sectiorwe present
the definition of the multi-dimensionakeys, a theoremthat establisheshe mathematical
foundation(seealso[14, 15]), andsomepracticalcommentn the implications. Section
3 discussesur implementatiorof the proposednethodandin section4 we describeour
empiricalexperimentsaandtheir results.



2 From Classificationto Multi-Dimensional Keys

The classificationof rangesand domainssenes the purposeof reducingthe numberof
domainsin the domainpool which needto be considerecasa partnerfor a givenrange.
Justlikein 'reallife’, birdsof afeatherflock together For example,if the originalimage
containsanedgerunningthrougharange thendomainswvhich containonly 'flat’ piecesof
theimagecanbesafelydiscardedvhensearchindgor agoodmatchfor thatrange.In previous
schemedliffering numbersof classesvereusedin thisway (from 3 or4in [9] upto 72in
[5, 6]). Besideslassificatiorothercompleity reductionmethodsare: adaptve codebook
clustering,archetypeclassificationRademachefunctions,adaptve searchstratgies(see
[16] for asurwey andreferences).

We considerapointz € R? representing pixel valuesin agivenrange.Let usassume
thatthe domainsfrom the domainpool have beenproperlyfiltered and subsampledthus,
yielding a setof N vectorsz™, ... 2 ¢ R (often called codebookblocks). We let
E(z%, 2) denotethesmalIestp053|bleleastsquareﬁrrorof anapproximatiorof therange
dataz by an affine transformatiorof the domaindataz(¥. In termsof a formula, this is
E(z", z) = min, jeR | |2 — (ae+bz?)|?, wheree = 2-(1,...,1) € R%isjustaunitlength
vectorwith equalcomponentsComputingheoptimala, b andtheerrorE(x@), z)isacostly
procedureyhich we have to performfor all of thedomainvectorsz. . .., ) in order
to arrive attheminimumerror, givenby min;<;< vy E(z®, ). This staggeredninimization
problemneedsto be solved for mary querypoints z in the encodingprocesqi.e., for all
ranges) We usethenotationd(-, -) for the Euclideardistanceand(, -) for theinnerproduct

in RY, (,0) = /(z,x).

Theorem. Letd > 2, e = - (1,....1) € R?and X = R"\{re | r € R}. Definethe

normalizedprojectionopemtor ¢ : X — X andthefunctionD : X x X — [0, /2] by

x— (z,e)e

¢(x) = and D(z, z) = min(d(¢(z), ¢(2)), d(=d(x), ¢(2)))-

|z — (z,€) el
For z, z € X theleastsquaeserror E(z,z) = min, jcr ||z — (ae + bx)||? is givenby
E(x.2) = (z.6(2))2 g(D(x,z)) whee g(D)= D1~ D?/4),

Proof. Theleastsquarespproximatiorof z by avectorof theform ae+bz (respae+bg(x))
is givenby the projection

Proj(z) = (z,€) e + (2, 6(2)) d(z) = (2, €) e + (2, 6(2)) {d(2), $(2)) H(2),

wherethe last equationis derived from z = (z,¢e) e + (2, ¢(2)) ¢(z) (seefigure 1). The
leastsquaresrrorin this approximationis calculatedas

E(z,z) = ||z = Proj(z)||* = (z,¢(2))* (1 — (¢(z), 6(2))?).

Sinced(+¢(x \/2 (1F (¢(x), ¢(2))) wehave D(z, 2) \/2 — (), d(2))])-
Solvingfor |( ( ) ( N andlnsertlngthesquareof theresultin theformulaforE(x 2)
completegheproof.




= —o@) Proj(z)
Figurel: lllustrationof thegeometryunderlyingthetheorem.

For aninterpretationwe notethatfor givenz € R? all vectorsof theform ae + b¢(x)
canbeexactlyrepresentedsalinearcombinatiorof = ande (with zeroleastsquarerror).
Thesevectorsform a two-dimensionakubspacef R?, anorthonormalbasisof which is
givenby ¢(x) ande. For all z in this spacep(z) is uniqueup to choiceof thesign. Thus,
¢(x) maysere asa'representagie’ of this spaceandwill becomethe multi-dimensional
key for searching.

The theoremstatesthat the leastsquareserror E(x, z) is proportionalto the simple
function g of the EuclideandistanceD betweenthe projectionsy(x) and¢(z) (or —¢(z)
ande(z)). Thevalueof theresultis notin termsof aspeed-umf thecalculationof theleast
square®rror, but of amorefundamentahature.Sinceg(D) is amonotonicallyincreasing
functionfor 0 < D < /2 we concludethat the minimizationof the leastsquaeserrors
E(z™,z) fori = 1,..., N is equivalentto the minimizationof the distanceexpressions
D(z™, 2)!' Thus,we may replacethe computationand minimizationof N leastsquares
errorsE(z™, z) by thesearctor thenearesheighborof ¢(z) € R?in thesetof 2N vectors
+p(z%) € R4

The problemof finding closestneighborsin Euclideanspaceshasbeenthoroughly
studiedin computerscience.For example,a methodusingkd-treesthatrunsin expected
logarithmictimeis presentedh [7] togethemwith pseudaode. After apreprocessingtepto
setuptherequiredkd-tree whichtakesO( NV log V) stepsthesearctor thenearesheighbor
of aquerypointcanbecompletedn expectedogarithmictime, O(log V). However, asthe
dimensiond increasesthe performancenay suffer. A methodthatis moreefficientin that
respectpresentedn [1], producesa so-calledapproximatenearesheighbor

We concludethis sectionwith someremarkson generalizationsndimplications.

1. In practice,thereis alimit in termsof storagefor the featurevectorsof domainsand

ranges.For example,the keys for rangeof sizeof 8 by 8 pixelsrequire64 floating point

numberseach.Thus,32K domaingrom adomainpoolwould alreadyfill 8 MB of memory
on a typical workstation,while we would like to work with poolsof a hundredthousand
andmoredomains.To copewith this difficulty, we settlefor acompromiseandproceedas
follows. We down-filterall rangesanddomainsto someprescribedlimensionof moderate
size,e.g.,d = 4 x 4 = 16. Moreover, eachof the d component®f a featurevectorcan

bequantized8 bits/numbesufice). This allows the processingf anincreasechumberof

domainsandranges however, with the implication that the formula of the theoremis no

longerexactbut only approximate.This, however, is not a severedisadantageaspointed
outin thefollowing remark.



2. Foragivenrangenotall domaindrom thepoolareadmissible Therearerestrictionson
the resultingnumberd, the contractionfactorof the affine transformation(e.g.,|b| < 1in
someimplementations)Thisis necessarin orderto ensurecorvergenceof theiterationin
theimagedecoding.Also oneimposedoundson thesizeof thedomain(for agivenrange
asuitabledomainshouldgenerallybe largerthantherange but nottoolarge). To take that
into considerationwe searclthedomainpool notonly for thenearesheighborof thegiven
guerypoint but alsofor, say thenext 5 or 10 nearesnheighbordthis canstill be solvedin
logarithmic time usinga priority queue). From this setof neighborsthe non-admissible
domainsarediscardedandthe remainingdomainsare comparedisingthe ordinary least
squaresipproachThisalsotakescareof theproblemfrom thepreviousremark namelythat
the estimateby the theoremis only approximate.While the domaincorrespondingo the
closespointfoundmaynotbetheoptimalone,thereareusuallynearoptimumalternatves
amongthe othercandidategseesection4).

3. We make two remarksconcerningnemoryrequirementgor thekd-tree. Firstly, it is not
necessaryo createthetreefor thefull setof 2N keysin thedomainpool. Thefull kd-tree
of all 2V vectorshastwo symmetricnainbranchegseparatetdy acoordinatehyperplane).
Thus,it sufficesto storeonly oneof them,whichthenneedso besearchedwice. Secondly
thereis somefreedomin thechoiceof thegeometridransformatiorthatmapsadomainonto
arange. A squaredomain,e.g.,may undego ary of the 8 transformation®f its dihedral
group(rotationsby multiplesof 90 degreesandflips). Thiswill createatotal of 8 entries
perdomainin thekd-tree,enlagingthesizeof thetree. However, we cangetaway without
thistreeexpansion.To seethis, justnotethatwe mayinsteadconsidethe8 transformations
of therange andsearchthe original treefor nearesheighborsof eachoneof them.

4. The preprocessingime to createthe datastructurefor the multi-dimensionakearchis
notalimitation of the methodasdemonstratetdy our experimentgseesectiord).

5. Themethods describederefor thecommoncaseof fractalimagecompressioim which
rangedatais approximatedby ascaleccopy of domaindataplusaconstan{z ~ ae+ bz?).
Therearegeneralizationsf thisapproaclallowing socalledhigherorderfixedbasisblocks.
In this casearangeblockis approximatedby alinearcombinatiorof domaindata(z(), the
constanblock(e) anddiscretizedjuadratiandpossiblycubicblocks(seeg.qg.,[8, 11, 12)).
Using a properorthogonalizatiorprocedurdt is possibleto first dealwith all fixed basis
blocksandthento treatthe remainingdomainblock similar to the commoncasediscussed
above. See[16] for details.

3 Implementation

Ourimplementations basedn Fishersadaptve quadtrealgorithm[5]. Theimageregion
Is subdvidedinto squaresisinga quadtreedatastructure.Theleaf nodesof thetreecorre-
spondto therangeswhile the domainpool for a givenrangeconsistof imagesubsquares
of twice thesize. Thenumberof domainsin the pool canbe adjustedoy parametersf the
method. The quadtreeconstructionis adaptve in the sensethat for eachnodethe corre-
spondingdomainpool is searchedor a matchingdomain. Thatnodethenbecomes leaf
nodeif the searchyieldeda matchsatisfyinga giventolerancecriterion. If thetolerance
Is not met, the squareémageregion correspondingo the nodeis broken up into four sub-
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squaresvhichbecomehechild nodesof thegivennode(sed4, 5] for details).Althoughthe
performancef this algorithmin termsof compressiorandfidelity is not the bestpossible
it sernesasa goodtestbedfor our experimentsn which we areaiming at evaluatingthe
capabilitiesof the multi-dimensionahearesneighborsearchin comparisorto traditional
compleity reductionattempts.In thatrespectFishers codeis excellentbecausé contains
anadwancedclassificatiormethod.

This classificationworks asfollows. A squarerangeor domainis subdvided into its
four quadrantqupperleft, upperright, lower left, andlower right). In the quadrantghe
averagepixel intensitiesA,; andthecorrespondingarianced/; arecomputed: = 1,...,4).
It is easyto seethatonecanalwaysorient(rotateandflip) the rangeor domainsuchthat
theaveragentensitiesareorderedn oneof thethreeways:

majorclassl: Ay > A, > Az > Ay,
majorclass2: A; > A, > Ay > As,
majorclass3: A; > Ay > A, > As.

Oncetheorientationof therangeor domainhasbeerfixedaccordinglythereare24different
possibleorderingsof the variancesvhich define24 subclassefor eachmajorclass.If the
scalefactorb is negative thenthe orderingsin the classesmustbe modifiedaccordingly
Thus,for agivenrangetwo subclasseseedo besearcheth orderto accommodatpositve
andnegative scalefactors.

Ourimplementatiorof themulti-dimensionahearesheighborsearchs basednacode
whichwaskindly providedby Arya andMount[1]. Thecritical advancesof this algorithm
in comparisorto the classicalkd-treeapproachof Friedmanet al [7] aretwofold. After
a spacepartitioningtree (suchasa kd-tree)hasbeensetup for the dataa priority list of
nodeds maintainedluringnearesheighborsearchinguchthatnodescorrespondingp data
volumesthat are closestto the query point are searchedirst. Secondly the requirement
of finding the closestneighboris relaxedto thatof finding an (1 + ¢)-approximatenearest
neighbor Thisis adatapointwhosedistanceo thequerypointis notlargerthat1 + ¢ times
thedistanceof thequerypointto its exactclosesineighbor Arya etal reportthatevenwith
seeminglylarge parametersuchase = 3 in practisedatapointsarefound which have a
50%chanceof beingthetruenearesheighborandwhichareontheaverageonly 1.05times
asfar the closestneighbor On the otherhanda speedup of a factorof up to 50 over the
exact(e = 0) casecanbeenjoyed. Usinga secondpriority list we have modifiedthe code
sothata givennumberof approximatenearesteighborscanbereturned.

We have joined the above two programsproviding the following two optionsusedfor
ourtestseries:

1. The parameter andthe numberof approximateneighborgequestedn eachsearch
canbe specified. Note that the actualnumberof neighborsreturnedfor a given rangeis
twice aslarge sincetwo searchesnustbe carriedout for onerange(onefor positve and
onefor negative scalefactors).

2. The dimensionof the keys for the rangesand domainscan be chosen. We have
workedwith dimensiord and16 correspondingo a downfiltering of arangeor domainto
a2 by 2 or 4 by 4 imageblock. This fits well with the compressiortodesincethedomain
andrangesizesare of the form 2* by 2*, thus, the filtering can corveniently be doneby
pixel averaging.



4 Results

In this first seriesof experimentswe make useof the classificationandreplacethe linear
searchin aclassby the approximatenearesnheighborsearch.Herewe cannotyet expect
the methodto comeup with betterquality encodingghanthe plain classificatiormethod,
sincewe aresearchinghroughthesamedomains.Thus,thegoalis to shav thatsignificant
computatiortime canbe sarzedwhile providing imagefidelity andcompressionithout or
with only very minor degradation.

Beforethe computationsve needto decidewhich parametersf the fastsearcho use:
e > 0,thenumber)/ of (1-+ ¢)-approximatenearesheighborgeturnedandthedimension
d of thekey space Figure2 shavs astudyfor thefirsttwo of thesegparametersWe consider
encodingsof a 512 by 512 testimage (Lenna)with a fixed rangesize,i.e., the adaptve
guadtresas trivial having the identicalminimal andmaximaldepths. The classifications
active, andonly one out of 72 classeds searchedisingthe fastsearch. The dimension
of thekey spaces d = 16, while the parameters and M arevaried. All timesreported
in this sectionare measuredn an SGI Indigo2 runningan R4000processar The result
shavsthatalower quality but fastersearch high valueof ¢) is beneficialin termsof quality
obtainedfor given computationtime. We settlefor ¢ = 3 and M = 5 (35.21dB, 15.8
secs).Whencomparingthis to the performancaisingthe linear searchwith classification
(35.56dB, 51.7secs)we obtainin this casethreefoldspeedn exchangeor a0.3dB drop
in peak-signal-to-noisetio (PSNR).

We have studiedthe performanceegardingthedimensiorof thekey spaceaisingimages
of varioussizesanddimensions! = 4 and16. We find that with the smallerdimension
d = 4 we gainonly about10—-20%processindime, however, we looseupto 2 dB in image
fidelity without providing a gain in compression. Thus, in the following we downfilter
domainsandrangedo 4 by 4 pixels.

We have usedafew populartestimagesof differingresolutions:256by 256 Collie, 512
by 512 BaboonandLenna,and1024by 1024 Compositeconsistingof the following four

35.5 TPSNR —
(dB) Rl Ge=D=E="10
35 1+
345 1
34 ¢
335 y . . . . time (sec) |
5 10 15 20 23 30

Figure2: For theparameters = 0,1, 2, 3,5 andwith M = 1, ..., 10 neighborgeturnedper searchwe shav
the PSNRversuscomputatiortime. The maximalattainablePSNRis 35.56dB (obtainedin 51.7 secswith
full linearsearch).



linearsearch fastsearch
image pool | comp. PSNR time | comp. PSNR time | drop speed

size  size| ratio dB h:m:s| ratio dB h:m:is| dB up
Collie 1 5.81 34.55 4| 581 34.52 3| 0.03 1.3
256 4 5.58 35.50 13| 557 34.42 51 0.08 2.6

16 5.37 36.19 52| 5.35 36.02 11| 0.17 4.7
Lenna 1 8.48 34.87 34| 845 3457 13| 0.30 2.6

512 4 8.45 35.69 2:01| 8.39 3540 24 |1 0.29 5.0
16 8.43 36.21 7:40| 8.31 35.82 571 0.39 8.1

Baboon 1 4.75 25.29 56| 4.75 25.19 21| 0.10 2.7
512 4 4.44 26.39 3:26| 4.43 26.13 37| 0.26 5.6
16 417 2713 14:17| 416 26.69 1:30| 0.44 9.5

Comp. 1 6.34 30.89 14:02| 6.31 3055 1:51|0.34 7.6
1024 4 6.11 31.75 54:.01| 6.05 31.32 4:03| 0.43 133
16 589 3243 3:22:46| 5.80 31.77 17:39| 0.66 115

subimage®f resolution512by 512 (Kiel Harbor PeppersBaboon Lenna).Also we vary
thedomainpoolsizeby factorsof 4. Thiswaythescalingbehaior of thepureclassification
methodcanbe comparedo thatof the methodusingnearesneighborsearch.

The parametersisedfor the adaptve quadtreemethodarethe default parameter$5],
exceptfor thetolerancesetat the value4). Quadruplingthe domainpool sizeis obtained
by halving the domainspacingin bothimagez- andy-directions. The dataof the above
tablesummarizahefindings. Theresultsareasfollows:

e The compressiomatiosobtainedwith the fastsearchversusthe linear searchdiffer
ontheaverageby lessthan0.03. Thus,for all practicalpurposeshefastsearchdoes
not significantlyworsenthe compressiomatios.

e Asexpectedaslightlossin imagequalityis tradedn for higherspeedn theencoding
with the fastsearch(seethe lasttwo columnsfor thelossin PSNRversusthe speed
up factor).

e It is interestingto note that althoughdifferentimagesmay requiremuch different
encodingimes(compard_ennawith Baboon)the speedup factorscalesicely with
imagesizeanddomainpool size. Whenthe domainpool sizeis quadrupledor the
imagesizeis doubled(whichalsoresultsn aquadrupledlomainpoolsize)thespeed
up factorroughly doubles(exceptfor the lastline in thetable). This is reflectedin
the computationtimes. While quadrupleddomainpool size requiresalso fourfold
computatiortime with the linear searchonly 2 to 3 timesasmuchtime is needed
with thefastsearch.

Theslightlossin imagequality canbe furtherreducedby enlaging the numberM of
neighborcomputedn eachsearclor by reducinge. For example,with M/ = 10ande = 3
we obtained(for pool sizel andtoleranceB) PSNRdegradationsof only 0.02,0.10,0.06,
0.20dB with speedupfactorsof 0.9,1.7,1.6,4.3for thefour imagesrespecitiely.
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It isalsopossibleo accelerat¢heencodingf fractalimagecompressiomwithouthaving
to paythe price of a slightly worsenedmagequality. Theideais to includemoreclasses
in the searchireeinsteadof searchinghroughonly oneclass. In afirst try we ignorethe
classificatioraltogetherandthussearchtheentiredomainpoolfor eachrange.In fact,since
all 8 orientationsof all domainsin all of the 72 subclassebelongto the domainpool, we
estimatehatabout576timesasmary domainsareconsideredh eachsearclascomparedo
themethodwith classificatio{whereoneoutof 72 classess searched)Thus,thesearching
coversalot moredomainsaandmayresultin abettermatchingdomain.Althoughthisglobal
attackof the problemis clearly overkill, it produceghedesiredqualitiesin someof the 12
casesorrespondindo the tableabove. In all caseshothimagefidelity andcompression
ratioimprove (by 0.88dB PSNRand0.30ratio on the average).However, dueto the vast
searcha speedup occursonly for the larger domainpoolsandimages. For example,we
getacceleratioriactorsof 1.3and3.8for the LennaandCompositémagesat domainpool
sizel6. A moresensibleapproachwould beto enlagethe searchby a smallerfactor For
example,Fisher[5, page69] notesthat the 24 classsearchgivesalmostthe samequality
resultsasthe 72 classsearch. Thus, we may expectsimilar improvementsn PSNRand
compressiomatio but with notablyreduceccomputatioriimeswhensearchingnly through
oneof themajorclassegor eachrange.

Ourapproaclof pixel averagingn orderto reduceghedimensionalityof thedomainsand
rangeq 64 andhigheris typical) to amorefeasiblenumber(hered = 16) maybeimproved
by betterconcentratingelevantsubimaganformationin the d componentsBasedon our
report[14] Barthelet al [3] have suggestedndimplementedan alternatve reductionof
dimension. They have useda two-dimensionaliscretecosinetransformation(DCT) of
the projectedcodebookblocks £¢(D;). Propertiesof the DCT transformcarry over the
resultof our Theoremto the frequeny domainandnearesneighborsof DCT coeficient
vectorswill yield the smallesteastsquarerrors. In practiseonecomputeshe DCT for
all domainsandranges. Then,from the resultingcoeficients,the zero AC componenis
ignoredandthenext d coeficientsmake up the featurevector

5 Summary

We have introduceda new theory linking the domain-rangecomparisonfundamentako
fractalimagecompressionio nearestieighborsearch.This resultleadsto a new technique
atthecoreof theencodingprocesslt consistof thefastapproximateearesheighborsearch
in amulti-dimensionakey spaceandcaneasilybeintegratedinto existingimplementations
of classificationmethods. The approachreducesthe time complity of the encoding
steptherebycreatingfasterfractal imagecompression.The speedup canbe adjustedso
thatit comeswith only minor degradationin imagequality andcompressiomatio or with
improvementsn bothfidelity andcompression.

Acknowledgements. The authorthanksKlaus Bayer Amitava Datta, RaoufHamzaoui,
ThomasOttmannandSvenSchuiereffor fruitful discussionsSunil Arya andDave Mount
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