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ABSTRACT

Imageretrieval systemghatcompareghe queryimageexhaustvely with eachindividualimagein thedatabasarenotscalable
to large databasesA scalablesearchsystemshouldensurethatthe searchtime doesnot increasdinearly with the numberof

imagesin the databaseWe presenta clusteringbasedndexing techniquewheretheimagesin the databasearegroupedinto

clustersof imageswith similar color contentusinga hierarchicalclusteringalgorithm.At searchtime the queryimageis not

comparedwith all the imagesin the databasebut only with a small subset.Experimentsshawv that this clusteringbased
approactoffersasuperioresponséime with ahighretrieval accurag. Experimentswith differentdatabasesizesindicatethat
for a gven retri@al accurayg the search time does not increase linearly with the database size.
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1. Introduction

Content-baseiinageandvideoretrieval hasbecomeanimportantresearchopicin recentyears.Researclinterestin thisfield
hasescalatedbecausef theproliferationof videoandimagedatain digital form. The growing popularityof theinternet,the
introductionof new consumeproductsfor digital imageandvideo creation,andthe emegenceof digital standardgor televi-
sion broadcastinchave resultedin a greaterdemandfor efficient storageand retrieval of multimediadata. Content-based

retrieval systemsor imaged1%basedon variousimagefeatureshave beenpresentedMany of theimageretrieval systems
extract specificfeaturesrom a queryimageand comparethesefeatureswith the correspondingre-computedeaturesof all
theimagesin thedatabaseThe searchime, therefore jncreasedinearly with the sizeof the databaseEfficient featurerepre-
sentationgndsimilarity measuretave beenusedto speed-uthe searchprocesssStill, thegrowing sizeof thedatabaseesults
in long searchdelaysthatmay be unacceptablan mary practicalsituations Evenif thetime requiredto comparewo images
is very short,the cumulatve time neededo comparethe queryimagewith all databasémagesis ratherlong andis probably
longer than the time arvarage user ants to vait.

To achieve the scalabilityof searchto large databasest mustbe ensuredhatthe searchtime doesnot increasdinearly with
the databaseize.Our approacho solving this problemis to createanindexing schemeby groupingthe imagesbeforehand
basednthe contentsothatatthetime of the query only therelevantsetof clustersneedto be examined.Theclusteringmust
be performedn suchaway thattheretrieval accurag is not sacrificedin this processRetriesal accurag hereis measuredn

termsof theretrieval obtainedwith exhaustve searchA fastsearchtechniquepresentedby Barros.et.al.? utilizesthetriangle
inequality to reducethe search A techniquebasedon a tree structuredvector quantizerandthe triangle inequality for fast
searchhasbeenpresentedy Chen,et.al’. Both thesetechniquegequirethat the similarity measuresisedto comparethe
imagesbe a metric,i.e., the similarity measuresatisfieshe triangleinequality However, mary usefulsimilarity measuresio
not satisfy the triangle inequality measurelndexing techniquesusing R* andK-D-B treedt2have beenproposedor fast

rangesearchHoweverthelarge dimensionalityof thefeaturevectorsmaybea problemfor theseindexing techniquesDimen-
sionality reductiontechniquesusingprincipal componentnalysisor orthogonalkransformscanbe usedto reducethe feature

dimensiorto amanageableumbet2. Performanceompariso® of differentindexing structuredasbeenpresentedy Gong.
Thetechniquepresentedheredoesnot explicitly placeary restrictionon thefeaturedimensiomor doesit usethetriangleine-
quality property
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Herewe presentatechniquefor imageretrieval basedon color from large databaseslhe goalis to groupsimilarimagesinto

clustersandto computethe clustercenterssothatduringretrieval, the queryimageneednot be comparedxhaustvely with

all theimagesin the databaseTo retrieve similarimagesfor a givenquery the queryimageis initially comparedvith all the
clustercentersThenasubsebdf clusterghathave thelargestsimilarity to thequeryimageis choserandall theimagesn these
clustersarecomparedvith thequeryimage.Theclusteringtechniqués notdirectly dependenbn the natureof similarity mea-
sureusedto comparetheimages sothis techniquecanbe usedfor ary generalsimilarity measureThe experimentalevalua-
tion shaws thatthis clusteringbasedndexing techniqueoffers a high retrieval accurag with a considerableeductionin the
numberof similarity comparisonsequired.Experimentakvaluationwith databasesf differentsizesshavs the scalability of

the technique.

The restof the paperis organizedasfollows. Section2 presentsan introductionto imageclustering.Section3 presentghe
detailsof imagerepresentatioandsimilarity measureSectiond4 presentshe detailsof the clusteringalgorithm.Section5 pre-
sentsthe resultsof experimentalevaluationby comparingthe resultsof retrieval basedon our clusteringschemewith the
exhaustve search. Section 6 presents the conclusions.

2. Image Clustering

Searchindargedatabasesf imagess a challengingaskespeciallyfor retrieval by content Most searchenginescalculatethe
similarity betweenthe queryimageandall theimagesin the databasandrank the imagesby sortingtheir similarities.One
problemwith this exhaustve searchapproacthis thatit doesnot scaleup for large databaseslheretrieval time for exhaustie
searchis thesumof two times: Tgj,andTgot TsimiS thetime to calculatethe similarity betweerthe queryandevery imagein

the database, andgf;is the time to rank all the images in the database according to their similarity to the query

Texhaustive - nTlsim"' O(nlogn)
wheren is thenumberof imagesn thedatabaseT i, is thetime to calculatethe similarity betweertwo imagesandO(nlogn)
is the time to som elements.

Whentheimagesin the databaseareclusteredtheretrieval time is the sumof threetimes,thetime to calculatethe similarity
betweerthe queryandthe clustercentersthetime to calculatethe similarity betweerthe queryandthe imagesin the nearest
clusters and the time to rank these images. Therefore the total search time is:

Teiuster = KT 15im 1T 15im + O(llogl)
Herek is thenumberof clusters] is thenumberof imagesin the clustersnearesto thequery Sincek<<n andl<<n, Tqster<<

Texhaustive

3. Image representation and Similarity Measure

3.1: Image representation

Several histogram-basedapproachehave beenproposedor imageretrieval by color. Theseapproachearebasedn calcu-
lating a similarity measurebetweenthe color histogramof the queryimageandthe imagesin the databaseThe difference
betweertheseapproachess mainlyin their choiceof the color spaceandthe similarity measureSincetheseapproachessea
singlehistogramto calculatesimilarities, the resultsareexpectedto reflectonly global similarity. For example,if a usersub-
mits a queryimagewith a sky at thetop andsandat the bottom,theretrieved resultswould have a mix of blue andbeige,but
not necessarilwith blueatthetop andbeigeat the bottom.This canbe achiezedonly if theimagerepresentationeflectsthe
local color information.

In this paperwe usea schem@ thatallows retrieval basedn local color featuresimagesin the databasaredividedinto rect-
angularregions. Then every imageis representedy the set of normalizedhistogramscorrespondingo theserectangular
regions. It shouldbe notedherethatthe choiceof therectangularegion sizeis important.In oneextreme,thewholeimageis
consideredasa singleregion which reflectsthe global color information. As the size of the region becomesmaller the local
variationsof colorinformationis capturedby the histogramsThe sizeof theregion shouldbe smallenoughto emphasizéhe
local color andlarge enoughto offer a statisticallyvalid histogramln the experimentsimageswerepartitionedinto 16 rectan-
gular rggions. The number of partitions is represente® loy the folloving sections.



3.2: Similarity measures

Thesimilarity betweertwo imageds measuredby calculatingthe similarity betweerthe histogramsof thecorrespondingect-
angularregions. Thenasinglemeasuref similarity between the two imagess calculatecby addingtheindividual similar-
ities betweenthe correspondingregions. We have used the histogramintersectionmeasureto comparethe individual
histogramgprobabilities).Given two normalizedhistogramsp= { p1,py, .., P}, 9={01,%; --., Oy}, the similarity measurds

defined by
Sp,q = Zmin(piyqi)
|

4. Hierarchical Clustering

Let n be the numberof imagesin the databasethe similarity betweenall pairs of imagesis precomputedThe hierarchical

clustering is performed as follws:

1. Thenimagesin the databasareplacedin n distinctclusters.Theseclustersareindexed by {C,, C,,..., C}. For thekth
cluster the setE, containsall the imagescontainedin that clusterand N, denotethe numberof imagesin the cluster
E={k} and Ny =1 for k=1,2,...n.

2. Two clustersCy andC, arepickedsuchthatthesimilarity measure§, | is thelargest.(The similarity measuréetweertwo
clustersis definedin the following subsection)Thesetwo clustersaremeigedinto a new clusterC,,, ;. This reduceghe
total numberof unmegedclustersby one.E,,; is updatedo E,.1={ E(UE;} andN+; is updatedo N, +;=N;+N,. Outof
thetwo childrenof C,,,1, oneis referredto astheright child RG,1=k andtheotherastheleft child LC,,1=I. Thesimilar-
ity measures between themwnelusterC, ., and all the other unmged clusters are computed as discussedbelo

3. Steps2 and3 arerepeatedintil the numberof clustershasreduceda requirednumberor the largestsimilarity measure
between clusters has dropped to sometahreshold.

Figure 1 shavs a simpleexampleof hierarchicalclusteringwith 8 images.The clusteringis stoppedafter reachingtwo clus-
ters. For this example,N; =5, N;»=3, E;4~{1,2,3,4,5} andE;»={6,7,8}. Also, RC,;4,=5 andLC,,=13. Eachclusterhasan
associatetree.Theclusteringalgorithmpresentedheredoesnot directly depencdbn the natureof similarity measureWe have
presented a performanceatuatior? of the clustering algorithm for dérent similarity measures eiskere.

Figure 1: A sample of cluster ngéng process with hierarchical clustering.

The similarity measurebetweertwo imagesis definedin the previous section.The measureof similarity, S |, betweentwo
clustersCy andC, is defined in terms of the similarity measures of the images that are contained in those clustensas follo
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wheres;; is the similarity measurdetweerimages andj, Ey is the setof imagespresenin the clusterCy andN, is the num-
ber of images in clust&®,. P, is the number of pairs of images in a cluster witimages:

)

n
Pn = (n—l)é

In otherwords, | is definedto be the averagesimilarity betweenall pairs of imagesthat will be presentin the cluster
obtainedby meging C, andC,. Sincethesimilarity betweerclusterds definedin termsof thesimilarity measurebetweerthe
images in the clusters, there is no need to compute the cluster ceetgrsnee two clusters are mged.

Whentwo clustersC, andC;, aremegedto form anew clusterC,, thenit is necessaryo computethe similarity of this clus-
terwith all otherclustersasgivenin Eq. (1). This computatioris cumbersomasshavn below. For ary clusterC;, thesimilar-

ity measure between,Cand Gis:
RIITR S
i, O{EUE]},i#]j i, OE,i#]j i OEUE,, jOE,

PN, + N+ Ny)

Smt =

)
andS;, nis set equal t& |.

A simple recursve methodto achieze the samecan be obtainedusing the fact that the first term in Eq. (2) is equalto

Pin+ngS,k»  the second term is equal to PyS,;, and the third term is equal to

Pony+NgS, e Pn ) St~ P S =P Sk — 2P S - Thusthe similarity §;, ; canbe obtainedfrom, §, St S St S,
andS . The folloving equation requiresaf less computation compared to the onevabo

Ping+ NSkt P +n) S e T Pov+ 89St =Py =P Sc k=P S,
PN+ N+ Ny

Smt = @)

In EQ. (2), Sy tis computedoy summingup the similarity measuresf all pairsof imagesin C,, andC;, andhencethe compu-
tation grows asthe squareof numberof imagespresentn the two clusters.The computationin Eq. (3) is independenbf the
numberof imagesin theclusters At the beginningof clustering for all theclustersS; is setequalto 5;; andS;; is setequalto
zero.

4.1. Cluster Center Computation

After clustering,anappropriatecenterhasto be obtainedfor eachcluster Since,every imageis representedy P histograms
correspondindo P partitions,it is aptto usea similar representatiofor clustercentersA simplerepresentatiomould bethe

averageof histogramf all theimagesin the cluster Sincethe numberof imagesin eachclustercanbelarge, averagingover

all theimagesmay be computationallyexpensve. Onesolutionis to find a smallernumberof representatie imagesanduse
theaverageof their correspondindnistogramso representhe clustercenter In thefollowing discussionthe maximumnum-

ber of representatie imagesfor a clusteris limited to R. Theserepresentadie imageshave to be chosencarefully sothatthe

cluster center computed from them is close to all the images in the .cluster

Thetreestructurethatis obtainedasa by-productof the clusteringalgorithmcanbe effectively usedto selectthe representa-
tive setof imagesIn Figurel, let usconsiderselectingherepresentatie imagesfor clusterC, 4. Fromthetreestructureit can
beinferredthattheimagesl and3 belongto cluster9 andimages2 and4 belongto cluster10. Hencea goodselectionof rep-
resentatie imagesfor R=3, is to selectone from {1,3}, anotherfrom {2,4} and5. If R=2, thenit is aptto selectonefrom
{1,2,3,4} and5 asrepresentaties.Similarly for C,,, it is betterto select6 and8 or 7 and8 insteadof 6 and7. Sucha selection



would result in a representei set that captures thevelisity of images present in the cluster

Let C; beaclusterfor which asetof representatie imagess to beselectedA setof R nodess choserfrom thetreeassociated
with C; andfrom eachof thesenodesa representatie imageis selectedresultingin R representatie images.The following
steps gplain this procedure:

Setn=0 and form a sefl,, = {i} . If R=1, then go to Step 5.

Eachelementin O, is anindex of oneof the nodesin the treeassociateavith C;. Find anelementk suchthat Ny is the
largest.
3. Formane setd,,,; by copying all the elements df , exceptk and addindRG, andLC,.

4. Repeat steps 2 and 3 until the number of elements containgdismequaR.

5. Now Uy, containsR nodesfrom thetreeassociateavith C;. Fromeachof thesenodesa representatie imageis chosen|f
kO O,, andN,=1 andthe selectionis straightforvard,i.e., the associatedmageis selectedIf N>1, thenit is necessary
to selecta singleimagerepresentate from E,. Thisis doneby selectinghe onethathasthe maximumaveragesimilarity
measure with the oth&{-1 images of,.

For the exampleshawn in Figure1, finding a representatie setof imagesfor C,4 with R=2, beginswith 0, = {14} and
0, = {13 5} andtheiterationstopshereas]; containswo elementslready Now, sinceCy hasa singleelementjmage5,

is choserasonerepresentate. Anotherrepresentate is selectedrom C, 3 thatcontainsfour images{1,2,3,4} by calculating

theaveragesimilarity of eachimagewith the otherthreeimagesandthenchoosinghe onewith themaximumaveragesimilar-
ity. Assuming that image 2 has thegest aerage similaritythe representat set of images for clustéy 4 is {2,5}.

After selectinga setof R representatie images,the averagesof their P correspondindhistogramsare usedto representhe
clustercenter In theexamplepresentedbove, theclustercenterfor C, 4 is representetdy P histogramswhich areobtainedby

averaging the corresponding histograms of partitions of images 2 and 5.

4.2. Cluster Center Optimization

The techniquepresentedn the previous subsectiorenablesus to computea clustercenterfor eachunmeged cluster After

computingtheclustercenterit is necessaryo evaluatethe optimality of the clusteringandthe computatiorof clustercenters.
Clustercentersareoptimal,if for eachimagecontainedn a cluster the similarity measurédetweertheimageandthatcluster
centeris largerthanthe similarity measuréetweertheimageandall the otherclustercentersHowever this may not betrue,

especiallygiventhefactthatwe have only useda representatie setandnotall theimagesin the clusterto computethe cluster
centersAs aresult,animagemay have a larger similarity measureavith otherclustercenterghanwith its own clustercenter
To optimizethe clustercentersijt is necessaryo move all suchimagesto their closestclusters.Note thatthe similarity mea-
surebetweeranimageanda clustercenteris computedn exactly the samemanneraspresentedn Section3 for computing
the similarity measure betweendwnages.

The cluster center optimization is performed as ¥adlo

1. Foreachof then imagesn the databasdfind the similarity measurebetweertheimageandall the clustercenterslf the
clusterwith themaximumsimilarity measures the sameclusterin which theimageis presenthennothingis done.lf not,
move theimagefrom theclusterin whichit residego theclusterthatit is mostsimilarto. Rearrangeéhetreesof bothclus-
ters to reflect this renval and addition as presented in Sections 4.2.1 and 4.2.2.

2. Recompute the cluster centers for all the clusters tlvattheen rearranged as described in Section 4.1.

3. Repeastepsl and?2 until the numberof imagesto be movedis belov athreshold Then,move theseimagesasin Stepl
and do not recompute the centers as in Step 2.

Thusat the endof Step3, all imagesexhibit the largestsimilarity measurewith the centerof the clusterin which they are

present and hence the clustering is optimal.



4.2.1. Removal of Nodes:

Whenremoving animagefrom a cluster therearetwo possiblescenarioglependingon whetherthe removed nodeis a direct
child of theroot of the clusteror not. Thesetwo scenario@rediscussedvith the examplepresentedn Figurel, by removing
nodes5 and2 from Cq4. NodeS is adirectchild of C; 4 whereasiode2 is not. Remaving thesetwo nodess doneratherdiffer-
ently. Whennode5 is remosed,node13 becomesedundanandhenceit is removed andreplacedvith nodel4. Now Nq4=4,
E14={1,2,3,4}, RC,~10, andLC;;=9.

Whennode2 is removed from the original tree,node10 will have only onechild andhenceit is removed.Node4 becomesa
child of node13 asshavn in Figure2. Now, N;3=3, E;3={1,3,4}, andRC,3=4. Appropriatechangesre alsomadefor the
parameters associated Withy.

Figure 2: Remeing node 2 from clustet, 4.

4.2.2. Addition of Nodes:
Whenaddinganimageto acluster it is necessaryo decidewhereto insertthe new node.This decisionis madetop-to-bottom.
Supposenodeis to beaddedo C, with right andleft childrenC; andC; respectiely. First E, andN, areupdatedo reflectthe

additionof thenodeto Cy. The decisionof whetherto addthe nodeto C; or C; is again basedon the similarity measureThe
nodeis addedo C;, if theaveragesimilarity of thenode(image)with all theimagesin C; is largerthanthe averagesimilarity
of thenodewith all theimagesin C; andvice versalf thenodeis addedo C;, the parameterassociateavith C; areupdated.
Thenodeis thenaddedto eithertheright or left child of C;. This processs repeatedecursvely until theleavesof thetreeare
reachedThisis shavn in the Figure5, whereimage?2 is addedo clusterC,, of Figure2. Firstthe parameterassociatedvith
C,p areupdatedN; =4 andE; ,={6,7,8,2}. Thento decidewhetherit hasto beaddedo C;; or Cg, thesimilarity measures, g
is comparedvith (s, g+s; 7)/2. If thelatteris larger, thenE, 4 is updatedo {6,7,2} andNy is updatedo 3. Thens, gands, 7



are compared and if g is laiger, a nev nodeC5 is created witlRRCys=2 andLC;5=7.
2

Figure 3: Adding node 2 to clustef £

5. Performance Evaluation

Performanceevaluation has long beena difficult problemin image processingand computervision, and content-based
retrieval is no exception.This is primarily becausef the difficulty associatedvith relevantquantitatve measuresor evalua-

tion. In content-basedetrieval, precisionand recall measureshave beenfrequentlyused to evaluatethe performanceof
retrieval algorithms.In our case thereis no needto evaluatethe subjectve quality of the retrieval, but it is only necessaryo
compare the retnial with clustering aginst the ghaustve search.

We have useda quantitatve measurdo comparethe retrieval resultsbhasedon clusteringagainstthe retrieval resultsbasedon

exhaustve search. A usersearchinghrougha large databaseis interestedn only the top few bestmatcheqsay10 or 20).

Hence|if theretrieval with clusteringreturnsthe samefew bestmatchesasthe onesreturnedby retrieval basedon exhaustve

searchthentheretrieval with clusteringis accuratelLet usassuminghatthe useris interestedn only thetop K bestmatches
andthatM is the numberof imagesthatarepresenin boththetop K resultsreturnedby retrieval with andwithout clustering.
Then, the retrigal accurag with clusteringy; , wheni th image is used as a query is defined as:

w, = 2100

The average retrigal accurag with clustering A, is obtained by taking thevaragey; over all query images.

X
i=1

The resultsof hierarchicalclusteringpresentechereare obtainedwith a databasef 3856images,200 of theseimagesare
takenfrom two collectionsof COREL ProfessionaPhotoCD-ROMSs, the Sampleill - Series#00000andthe Sampler- Series
200000.Therestof theimagesare obtainedfrom the Departmenbf Water ResourcesCalifornia. The imagesare of widely

A =

Sk



varying colorsandscenecontent.The hierarchicalklusteringalgorithmwasappliedto the 3856imagesin the databaseesult-
ing in 174 clusterswith the largestclusterhaving 80 imagesandthe smallestclusterhaving 5 images.The numberof clusters,
N, is chosen such that theesiage number of images per cluster isi22,n.=3856/22=174.

We conductedwo setsof experimentsin thefirst set,we usedeachof the 3856imagesn the databas@asqueryimagesandin
thesecondsetwe useda setof 300imageshatarenot a partof the databasasqueryimages The queryimagesarecompared
with all theclustercentersaandthetop 3,4,7,10,13,19,25nd31 clustersarechosenAll theimagesn the selectedtlustersare
compared=xhaustiely with the queryandthe mostsimilar imagesaredisplayedto the userasthe resultof the search.The
averageretrieval accurag andthe averagenumberof requiredsimilarity comparisonsreobtainedby takingthe averageover
all the queryimages.We found the performanceesultsarealmostsimilar for the two setsof experimentssowe presenthe
resultsfor thelattercase Figure4 shavstheplot of theaverageretrieval accurag againstthe averagenumberof the similarity
comparisonsequired.Theplot consistof 8 points,obtainedoy examiningthetop 3,4,7,10,13,19,2%nd31 clustersTheleft-
most point correspondgo the result obtainedby examining 3 clustersand the rightmost point correspondgo the result
obtainedby examining 31 clusters.From the figure it can be seenthat for K=10, i.e., the useris interestedn the top 10
retrieved images,90% retrieval accurag canbe obtainedwith 540 similarity comparisonssopposedo 3856 comparisons
that would be requiredfor exhaustve search.We expectthat the computationalgain will be larger as the size of database
increasesTablel shavs the numberof similarity comparisonsequiredto achievze a 90% etrieval accurag for threedifferent
databassizes Fromthetableit canbe seenthatthe numberof similarity comparisonsequireddoesnotincreasdinearly with
the number of images in the database and the speedtop ihcreases with the size of the database.

Hierarchical Clustering
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Figure 4: Retrieal accurag with hierarchical clustering

Table 1: Retrieal Performance for dérent database sizes

No. of No. of
database similarity Speedup
images comparisons
1000 277 3.61
2000 358 5.59
3856 540 7.14




6. Conclusions

In this paperwe have presentednalgorithmfor scalablemageretrieval by color, whereimagesarerepresentedly local color
histogramsThe similarity betweenmagesis calculatedbasedon local color propertieslmagesin the databasareclustered
into groupshaving similar color contentsThis groupingenablessearchingonly imagesthatarerelevantto the queryimage.
For a databaseontaining3856images,a retrieval accurag of 90% canbe achiezed with only 540 similarity comparisons.
Experimentswith differentdatabassizesshav thatthe numberof similarity comparisonsequiredto achiere agivenretrieval
accurag does not increase linearly with the size of the database thus making the algorithm scalaj@leltidaases.
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