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Abstract

Theorganizationof animage databases oneofthe
importantissuesn efficientstorage andretrieval of
images. Most of the existing image databasesre
basedon flat structures,with the possibility of an
index into the databasethat can help in narrow-
ing downthe imagesto be searched. In this pa-
per, I'll presenta techniqueto createa hierarchi-
cal datastructure basentheclusteringappmoac
sud that a usercanselector discaid a numberof
imagesfor subsequenvpemations. The presented
techniqueis basedon applicationof waveletanal-
ysisto scalethe imagesin hierarchy, and cantake
advantae of thestructure of compessedmagesin
the JPEG 2000standad.

1. Introduction

An imagecanbe abstractecsdatain multiple di-
mensionsdefinedby | = f(x,y), wheref(x,y) in-
dicatesthe valueof a discretepixel at spatialcoor
dinates(x,y). This abstractiorimpliesthatthereis
no easyway to imposean order on a set of im-
agesbasedon content. However, an image can
be manipulatedn a numberof waysto malke the
datacontainedn theimageprovide moreinforma-
tion thatcanbe usedto createanindex thatcanbe
searchedeadily.

In a flat environment,animageneedsto be com-
paredto every otherimagein the databasdo de-
terminethe closestmatchfor retrieval or otherop-

erations.This leadsusto alinearsearchalgorithm
but with the caveatthat eachcomparisorinvolves
comparinganumberof pixelsin eachimage— data
in eachdimensiorof our multidimensionalbstrac-
tion — to computea coeficient of match. This
structurewas usedin the celebratedBic project
[1, 7, 8]. Theindexing algorithmsreducethe com-
putationtime of eachcomparisorbut still, require
a comparisonwith a representatiorof every im-
ageyieldingalinearalgorithmwith improvedeffi-
cieng/ dueto working with a computationallyeffi-
cientstructureratherthanraw imageq3, 6]. There
is aneedfor atechniqueéhatcanreduceghenumber
of comparisonsvhile still performingthesearchn
anefficientmanner Oneof thetechniquesuccess-
fully employedto achieve suchanobjectivein mul-
tidimensionaldatais provided by clustering.

Clusteringis definedasan organizationtechnique
wherethe objectsof interest,thathave somesimi-
larity alonga dimensionof interest,arekeptclose
togetherwhile the objectsthat differ from each
other arekeptfurtherapart. The dimensionof in-
terestis definedbasedon the application. In case
of imageswe abstracthe dimensionof interestas
the imagesthat have similar color distributionsin
correspondingareas. This may make the images
percevedassimilar to eachotherin appearanca
perceptualtermsbut the imagescould be farther
apartbasedon actualcolor distribution. As anex-
ample,considerthe imagespresentedn Figure 1
which aresimilar in form but arevery differentif
we look at color distribution. Comparingtheseim-
agesposesyetanotherchallengen clustering.

Clustering results in improved performancefor



Figure 1. A picture of Taj Mahal in red and
green bands

searchandretrieval asthe systemcanselector dis-
carda numberof objectsbasedon a limited num-
ber of comparisonaith the itemsbeingsearched
for. A hierarchicaklustergoesonestepfurtherby
collectingsimilar clustersat differentlevels of de-
tail into a single clusterusinga multi-branchtree
structure. Sucha systemallows for selectionof a
setof clustersfor furtherexploration.

In this paper | presentthe use of a hierarchical
clusteringdatastructurefor image databaserga-
nization. This datastructurehasevolved from an
adaptve clustering schemefor multidimensional
datathat hasresultedin a searchtime of O(y/n)
in an averagecaseover n multidimensionalob-
jects[4]. | have successfullyusedthis techniqueo
achiese performancegainsin assignmenbdf ther
mal propertieso compositematerialdatafor FLIR
simulationas well asto generatea color tablein
whichthecolorshave beenuniformly distributedin

aperceptuasenseln thispaper!’ Il shav thatclus-
teringcanbe appliedto imagedatabaset achieve
similar gainsin efficiency.

In the next section,I’ll presentareview of the ex-
isting literatureon imagedatabaserganization.In
Section3, I'll presentheuseof hierarchicaktluster
datastructureto organizetheimages.This will be
followed by someexamplesand conclusionin the
lastsection.

2. Organization of Imagesin Databases

Most of the imagedatabasesystemscan be char
acterizedas content-basedmage retrieval (CBIR)
methods. Thesesystemsextract imagecharacter
istics,known assignatues andperformreasoning
on imagesbasedon somerulesdefinedon image
signatures.

Mostof theCBIR systemganbeclassifiednto one
of three cateyoriesbroadly definedas histogram-
basedsystems,color distribution-basedsystems,
or region-basedsystemg9]. Somesystemssuch
as QBIC [7], Walrus [9], and JreG-coeficient
indexing-basedsystem([6] have characteristicof
morethanonecategory.

The histogram-base@ystemscreatea histogram
of eachof thethreeprimary colorsindependenof
eachothetr The numberof binsin eachcolor at
differentquantizatiorievel aretallied to createthe
signatureof theimage. The signatureof animage
can be comparedagainstthe collectedsignatures
of imagesin the databasé¢o determinethe closest
match. The main dravback of this schemes that
thereis noregardfor the shapetexture,andobject
locationin theimage.It worksonly onthedistribu-
tion of coloranywheein theimageandgive ahigh
degreeof matchin semanticallyunrelatedmages.

The systemsbasedon color layout performsome-
whatbetterby dividing theimageinto a numberof
small blocks and using the averagecolor of each
block to createa signaturefor the image. Some
systemssuchaswALRUS [9] andwsllIs [12], use
significantwavelet coeficients insteadof average
valuesto capturesharpcolor variationswithin a
block. Thesesystemsshow low tolerancefor ob-



jecttranslatiorandscalingin animage.

Region-basedsystems including @eic [7], Blob-
world [2], and simpLIcity [11], uselocal proper
tiesof regionswith theassumptiorthateachregion
identifiesan object. However, a problemcanarise
if anobjectis dividedinto multiple regions.

Thesystempresentedhereconsidersa moreholis-
tic approachby using a queryimage at different
resolutiondo navigateto theimageghatmatchthe
qguery Themultiresolutionnatureof thedatastruc-
tureuseswaveletsto getamipmap-like schemdor
eachimage. In the currentimplementation] have
usedthe Haarwavelet for its simplicity to derive
multiple resolutionsof the imageandby throwing
awaythedetailcoeficients,retainingonly thescale
coeficients.

In the next section, | describe clustering phe-
nomenonin relation to imagesfollowed by the
useof scalingcoeficientsto createthe hierarchical
clusterdatastructureaswell asthe overall imple-
mentationof this structure.

3. Cluster Schemefor Images

The hierarchicalclusterdatastructureis basedon
the developmentof a representatiof eachclus-
terthatadequatelycaptureghe contentsof objects
containedn thecluster This representatioforms
the centioid of the cluster The centroidof clus-
ter, in caseof imagesjs simply the averageimage
for the clusterwherethe averageimageis formed
by taking the averagevalue of correspondingix-

elsin theimagesthatform the cluster This condi-
tion requireghatall imagesin the clusterbe of the
samesize,or scaledo bethesamesizefor internal
matching.

To develop the clusters, considerall imagesto
be randomlydistributed along a two-dimensional
plane. We develop clustersby looking at eachim-
age and addingit to the clusterthat is closestin
matchto this image. Another point to be consid-
eredis that the quantitatve measureof matchis
within a specifiedthresholdfrom the centroid of
thecluster If we cannoffind suchacluster we cre-
atea new clusterthatis madeup of just this one

image. Wheneer animageis addedto a cluster

its centroidmay shift becausef the changein av-

eragevalueof correspondingixelsdueto the nen

image.An exampleof imagesdividedinto clusters
is shovnin Figure2.

Figure 2. Clustered images in a 2D plane

Thehierarchicaklusterdatastructureneedsamea-
sureof distancebetweerntwo givenimages A sim-
ple definitionof this distanceas providedby the av-
eragedifferencein eachof thered, greenandblue
bandsof thetwo images.If thetwo imagesof size
r x ¢ pixelsaredenotedby | andl’, the distanced
betweerthemis givenby
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Thedistancecomputedn this fashionis extremely
simplisticand suffers from the problemillustrated
in Figure1. The problemis fixed by discarding
the RGB color spacen favor of a perceptuatolor
spacesuchasHsv or L*a* b* .

Whene&eranew imageis addedo acluster theav-

eragingfor new clusterrepresentatiors performed
basedn thenumberof imagesalreadyin the clus-
ter. If aclusterrepresentetly % containshimages,
andl is a new imagebeing addedto %, the new

clusterrepresentatiofs” is givenby
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Thefirst clusterrepresentatioiis createdfrom the
firstimageitself. Thustheimageis at the centerof
thecluster As animageis addedo this cluster the
new clusterrepresentatiois createdoy takingthe
averageof two imagesin the cluster This changes
the locationof centroidto the point in the middle
of the two images. From this point on, the repre-
sentationkeepson shifting but never goesfurther
thanthetolerancespecifiedby the thresholddueto
the weightedaveraging. Thus,the algorithmguar
anteeghat animagecannotbe classifiedto more
thanonecluster Thereforewe canassigntheim-
ageto aclusterassoonasasuitablematchis found.
Moreover, a corollaryto thisimpliesthattwo clus-
terscannothave anoverlappingboundary

3.1. Hierarchical Cluster

Theclusteringdescribedabove candegeneraténto

worst casescenarioif the thresholdis selectedo

be small. In sucha case,eachimageis a cluster
by itself. Theabove clusteringalgorithmperforms
a linear scanof the imageagainstthe clustersal-

readyproduced. The only way to improve on the

algorithmwill be if we cancomparea queryim-

ageagainstclustersin ordersuchthat the cluster
with maximumnumberof imagesis comparedirst

andthe one with leastnumberof imagesis com-

paredlast. A betterway to improve the algorithm
performances by usinga waveletanalysisto cre-

ateahierarchyof clusters.Thehierarchyis created
in theform of clusterof clustersat multiple levels,

generatedby full averagingof images.This cluster
of clustersorganizegsheimagesat differentresolu-
tion levelsin the form of a multi-branchhierarchi-
caltree.

The hierarchicalclusteringalgorithmperformsthe
full averagingusingHaarwaveletontheimagethat
is to be clustered. It performsthis analysisrecur
sively till the entireimageis reducedto a single
pixel, saving the intermediateresultsin a stack. It
shouldbe recalledthat at eachstep, the imageis
reducedby half in both heightandwidth. Thus,a
256x 256 (28 x 28) pixel imagewill yield 9 levels
of averaging,from 20 x 20 pixels to 28 x 28 pix-
els. Eachhierarchyin the new datastructurds thus

1+Ignlevelsdeepwherenisthelargerof thenum-
ber of rows andcolumnsin the texture. As in the
caseof flat clusterswe will requireeachimagein
theclusterto be of the samesize,or scaledo be of
the samesize.

The hierarchical cluster data structureis imple-

mentedby a recursvely definedvectorof clusters
with eachclusterrepresentedy a single image,
andcontaininga hookfor anothemierarchybelow

it. Theimagerepresentinghe clusteris simply an

averageof all the imagesthatare containedn the
clusterat thatresolutionlevel. The hook provides
for the hierarchystartingat the next higherresolu-
tion level.

As an image | is addedto the cluster we cre-
ate multiple resolutionsof | by applyingthe Haar
wavelet and discardingthe wavelet or detail coef-
ficients until we have animage of just one pixel,
denotingit by I,. This pixel capturesthe aver
agevalue of all pixelsin the image,in respectie
bands.This imageis thencomparedwvith the vec-
tor of clustersattherootof hierarchicatlusterdata
structureto determinethe closestmatch.

Oncewe have found the matchingcluster and it
is within the clusterradius, we selectthe cluster
vectoratthe next higherresolutionlevel thatis as-
sociatedwith this cluster This will leadusto the
clustervectorof 2 x 2 pixel images.We compare
the 2 x 2 versionof currentimagel, denotedby |,
to eachmemberof this clustervector The closest
matchis thenselectedandwe continuewith these-
lectionat the next level. Therecursve application
stopswhenwefind theimagethatmatcheswvithin a
thresholdimit, or whenwe discoverthattheimage
is outsidetheradiusof ary clusteratthatresolution
level within the selectedcluster At sucha point,
we stopandcreatea new clusterto addtheimage
into thenew cluster

3.2. Results

We'll illustratetheresultsusingtheimagescatego-
rizedasart in the SmithsoniardatabaseThereare
31limagesn this categyory andtheir representation
is givenin Figure3.



| testedthis setof imagesseparatelyusing 256 x
256 pixel imagesandcreatedhelusteringby com-
paringin L* a* b* colorspace.Thehierarchycon-
tainsanumberof clustersasshavnin Tablel. The

Table 1. Number of clusters at different lev-
els in hierarchy

Level Picture  Numberof

size clusters
0 1x1 4
1 2x2 7
2 4x4 13
3 8x8 18
4 16x 16 22
5 32x 32 26
6 64 x 64 28
7 128x 128 31
8 256x 256 31

tableshavs the multiresolutionnatureof hierarchi-
cal clusterstructure.At the lowestresolutionlevel

or root, eachimageis reducedo a singlepixel that
capturesthe averageof all the color bandssepa-
rately At this level, theimagesweredividedinto

four differentclusters. As we godown thestructure
to higherresolutions,the numberof clustersstart
to increaseandby the time we arrive atlevel 7, all

imagesare separatedrom eachotherandform a

clusterby themseles.

The systemis implementedin C++ on a Sun
SPARCSstation running Solaris. The query for a
matchingimagein this structureis completedin
lessthanone secondon an averageoncethe clus-
ter hasbeenloadedinto memoryandthe stackof
multiresolutionimagescreated.In casethe system
doesnot find the exactmatchof thequeriedimage,
it returnsthe closestmatch.

4. Conclusion and Future Work

The hierarchicalcluster data structureis imple-
mentedusingHaarwavelet for scalingthe images
at differentresolutionlevels. The systemincludes
separaterogramsto createthe clustersaswell as

to addindividual imagesto the datastructure.The
distancemeasuraisesrGB color spacehoughthe
usercanspecifyL* a* b* or HSv color spacesas
commandine options.The systemhasbeentested
with two separatelatabases.

The first testwas performedwith a databaseahat
containsabout4000texturesof size256x 256 pix-
els. In eachquery | wasableto satisfctorily re-
trieve an exactor approximatematchto the query
image. The currentimplementatiornusesthe sim-
plestform of wavelets— theHaarwavelets—to per
form scalingat differentresolutions.

The systemhasalsobeentestedwith Smithsonian
databaseontaining747imagesgdividedinto seven
differentcategories. Eachof thesecateyoriescon-
tainsbetweern31 and216images.Theimagesare
scaledto 512 x 512 pixel sizefor internalusewith
our datastructure giving a depthof 9 levelsin the
hierarchy

Currently the systemgivesonly oneimageasare-
spons€o thequery Thisimagecouldbethe exact
match,if availablein a cluster or it could be the
onethatis at the smallestdistancefrom the query
image.Oneof theenhancemenis the systenwill

be to addthe capabilityto outputmultiple images
andprovide arankingto thoseimagesn theoutput.

The Haarwaveletsperforma simple averagingof
colorvaluesin differentpictureelementsThey are
simpleto program,comparedwith otherwavelets.
| usedthemto prove a conceptthatthey canhelp
with hierarchicalclustering. However, to createa
robust ervironment,| believe | needto usea dif-
ferent type of wavelet. In future, | planto re-
placetheuseof Haarwaveletswith Debauchie®&/7
and7/9 wavelets[5] to scalethe imagesto create
the hierarchicaldatastructurethatwill furtherim-
prove theretrieval process! chosethe Debauchies
waveletsbecausehey form the basisfor the JPEG
2000standard10]. This selectionleadsmeto be-
lieve that| may be able to work on imagescom-
pressedvith JPEG 2000algorithmdirectly by ex-
tracting the scalingcoeficients at differentlevels
for usein the hierarchicaklusterdatastructure.
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Figure 3. Representative images from art
category in Smithsonian database



