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ABSTRACT

Imageretrieval systemsthatcomparethequeryimageexhaustively with eachindividual imagein thedatabasearenotscalable
to largedatabases.A scalablesearchsystemshouldensurethat thesearchtime doesnot increaselinearly with thenumberof
imagesin thedatabase.We presenta clusteringbasedindexing technique,wherethe imagesin thedatabasearegroupedinto
clustersof imageswith similar color contentusinga hierarchicalclusteringalgorithm.At searchtime thequeryimageis not
comparedwith all the imagesin the database,but only with a small subset.Experimentsshow that this clusteringbased
approachoffersasuperiorresponsetimewith ahigh retrieval accuracy. Experimentswith differentdatabasesizesindicatethat
for a given retrieval accuracy the search time does not increase linearly with the database size.
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1. Introduction

Content-basedimageandvideoretrieval hasbecomeanimportantresearchtopic in recentyears.Researchinterestin thisfield
hasescalatedbecauseof theproliferationof videoandimagedatain digital form. Thegrowing popularityof theinternet,the
introductionof new consumerproductsfor digital imageandvideocreation,andtheemergenceof digital standardsfor televi-
sion broadcastinghave resultedin a greaterdemandfor efficient storageand retrieval of multimediadata.Content-based

retrieval systemsfor images1-5,10basedon variousimagefeatureshave beenpresented.Many of the imageretrieval systems
extractspecificfeaturesfrom a queryimageandcomparethesefeatureswith thecorrespondingpre-computedfeaturesof all
theimagesin thedatabase.Thesearchtime, therefore,increaseslinearly with thesizeof thedatabase.Efficient featurerepre-
sentationsandsimilarity measureshavebeenusedto speed-upthesearchprocess.Still, thegrowing sizeof thedatabaseresults
in long searchdelaysthatmaybeunacceptablein many practicalsituations.Evenif thetime requiredto comparetwo images
is very short,thecumulative time neededto comparethequeryimagewith all databaseimagesis ratherlong andis probably
longer than the time an average user wants to wait.

To achieve thescalabilityof searchto largedatabases,it mustbeensuredthat thesearchtime doesnot increaselinearly with
thedatabasesize.Our approachto solving this problemis to createan indexing schemeby groupingthe imagesbeforehand
basedon thecontent,sothatat thetimeof thequery, only therelevantsetof clustersneedto beexamined.Theclusteringmust
beperformedin sucha way thattheretrieval accuracy is not sacrificedin this process.Retrieval accuracy hereis measuredin

termsof theretrieval obtainedwith exhaustivesearch.A fastsearchtechniquepresentedby Barros,et.al.,8 utilizesthetriangle
inequality to reducethe search.A techniquebasedon a treestructuredvectorquantizerand the triangle inequality for fast

searchhasbeenpresentedby Chen,et.al.7. Both thesetechniquesrequirethat the similarity measuresusedto comparethe
imagesbea metric, i.e., thesimilarity measuresatisfiesthetriangleinequality. However, many usefulsimilarity measuresdo

not satisfy the triangle inequalitymeasure.Indexing techniquesusingR* andK-D-B trees11,12have beenproposedfor fast
rangesearch.However thelargedimensionalityof thefeaturevectorsmaybeaproblemfor theseindexing techniques.Dimen-
sionality reductiontechniquesusingprincipalcomponentanalysisor orthogonaltransformscanbeusedto reducethefeature

dimensionto amanageablenumber13. Performancecomparison14 of differentindexing structureshasbeenpresentedby Gong.
Thetechniquepresentedheredoesnotexplicitly placeany restrictionon thefeaturedimensionnordoesit usethetriangleine-
quality property.
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Herewe presenta techniquefor imageretrieval basedon color from largedatabases.Thegoal is to groupsimilar imagesinto
clustersandto computetheclustercenters,so thatduringretrieval, thequeryimageneednot becomparedexhaustively with
all the imagesin thedatabase.To retrieve similar imagesfor a givenquery, thequeryimageis initially comparedwith all the
clustercenters.Thenasubsetof clustersthathavethelargestsimilarity to thequeryimageis chosenandall theimagesin these
clustersarecomparedwith thequeryimage.Theclusteringtechniqueis notdirectlydependentonthenatureof similarity mea-
sureusedto comparethe images,sothis techniquecanbeusedfor any generalsimilarity measure.Theexperimentalevalua-
tion shows that this clusteringbasedindexing techniqueoffersa high retrieval accuracy with a considerablereductionin the
numberof similarity comparisonsrequired.Experimentalevaluationwith databasesof differentsizesshows thescalabilityof
the technique.

The restof the paperis organizedasfollows. Section2 presentsan introductionto imageclustering.Section3 presentsthe
detailsof imagerepresentationandsimilarity measure.Section4 presentsthedetailsof theclusteringalgorithm.Section5 pre-
sentsthe resultsof experimentalevaluationby comparingthe resultsof retrieval basedon our clusteringschemewith the
exhaustive search. Section 6 presents the conclusions.

2. Image Clustering

Searchinglargedatabasesof imagesis achallengingtaskespeciallyfor retrieval by content.Most searchenginescalculatethe
similarity betweenthequeryimageandall the imagesin thedatabaseandrank the imagesby sortingtheir similarities.One
problemwith this exhaustive searchapproachis that it doesnot scaleup for largedatabases.Theretrieval time for exhaustive
searchis thesumof two times:TsimandTsort. Tsim is thetime to calculatethesimilarity betweenthequeryandevery imagein
the database, and Tsort is the time to rank all the images in the database according to their similarity to the query.

wheren is thenumberof imagesin thedatabase,T1simis thetimeto calculatethesimilarity betweentwo images,andO(nlogn)

is the time to sortn elements.

Whentheimagesin thedatabaseareclustered,theretrieval time is thesumof threetimes,thetime to calculatethesimilarity
betweenthequeryandtheclustercenters,thetime to calculatethesimilarity betweenthequeryandtheimagesin thenearest
clusters and the time to rank these images. Therefore the total search time is:

Herek is thenumberof clusters,l is thenumberof imagesin theclustersnearestto thequery. Sincek<<n andl<<n, Tcluster<<
Texhaustive.

3. Image representation and Similarity Measure

3.1: Image representation

Severalhistogram-basedapproacheshave beenproposedfor imageretrieval by color. Theseapproachesarebasedoncalcu-
lating a similarity measurebetweenthe color histogramof the query imageandthe imagesin the database.The difference
betweentheseapproachesis mainly in their choiceof thecolorspaceandthesimilarity measure.Sincetheseapproachesusea
singlehistogramto calculatesimilarities,theresultsareexpectedto reflectonly globalsimilarity. For example,if a usersub-
mits a queryimagewith a sky at thetop andsandat thebottom,theretrievedresultswould have a mix of blueandbeige,but
not necessarilywith blueat thetop andbeigeat thebottom.This canbeachievedonly if theimagerepresentationreflectsthe
local color information.

In thispaper, weuseascheme2 thatallows retrieval basedon local color features.Imagesin thedatabasearedividedinto rect-
angularregions.Then every imageis representedby the set of normalizedhistogramscorrespondingto theserectangular
regions.It shouldbenotedherethatthechoiceof therectangularregion sizeis important.In oneextreme,thewholeimageis
consideredasa singleregion which reflectstheglobalcolor information.As thesizeof theregion becomessmaller, thelocal
variationsof color informationis capturedby thehistograms.Thesizeof theregion shouldbesmallenoughto emphasizethe
localcolorandlargeenoughto offer astatisticallyvalid histogram.In theexperiments,imageswerepartitionedinto 16rectan-
gular regions. The number of partitions is represented byP in the following sections.

Texhaustive nT1sim O n nlog( )+=

Tcluster kT1sim lT1sim O l llog( )+ +=



3.2: Similarity measures

Thesimilarity betweentwo imagesis measuredby calculatingthesimilarity betweenthehistogramsof thecorrespondingrect-
angularregions. Thenasinglemeasureof similarity between the two imagesis calculatedby addingtheindividualsimilar-
ities betweenthe correspondingregions. We have used the histogramintersectionmeasureto comparethe individual
histograms(probabilities).Giventwo normalizedhistograms,p= { p1,p2, ..., pm}, q={q1,q2, ..., qm}, thesimilarity measureis
defined by

4. Hierarchical Clustering

Let n be the numberof imagesin the database,the similarity betweenall pairsof imagesis precomputed.The hierarchical

clustering6 is performed as follows:
1. Then imagesin thedatabaseareplacedin n distinctclusters.Theseclustersareindexedby { C1, C2,..., Cn}. For thekth

cluster, the setEk containsall the imagescontainedin that clusterandNk denotethe numberof imagesin the cluster.
Ek={ k} and Nk =1 for k=1,2,...,n.

2. Two clustersCk andCl arepickedsuchthatthesimilarity measureSk,l is thelargest.(Thesimilarity measurebetweentwo
clustersis definedin the following subsection).Thesetwo clustersaremerged into a new clusterCn+1. This reducesthe
totalnumberof unmergedclustersby one.En+1 is updatedto En+1={ EkUEl} andNn+1 is updatedto Nn+1=Nk+Nl. Outof
thetwo childrenof Cn+1, oneis referredto astheright child RCn+1=k andtheotherastheleft child LCn+1=l . Thesimilar-
ity measures between the new clusterCn+1 and all the other unmerged clusters are computed as discussed below.

3. Steps2 and3 arerepeateduntil the numberof clustershasreduceda requirednumberor the largestsimilarity measure
between clusters has dropped to some lower threshold.

Figure1 shows a simpleexampleof hierarchicalclusteringwith 8 images.Theclusteringis stoppedafter reachingtwo clus-
ters.For this example,N14=5, N12=3, E14={1,2,3,4,5} andE12={6,7,8}. Also, RC14=5 andLC14=13. Eachclusterhasan
associatedtree.Theclusteringalgorithmpresentedheredoesnotdirectlydependon thenatureof similarity measure.Wehave

presented a performance evaluation9 of the clustering algorithm for different similarity measures elsewhere.

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

The similarity measurebetweentwo imagesis definedin the previous section.The measureof similarity, Sk,l, betweentwo
clusters,Ck andCl, is defined in terms of the similarity measures of the images that are contained in those clusters as follows:
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                                                    (1)

wheresi,j is thesimilarity measurebetweenimagesi andj, Ek is thesetof imagespresentin theclusterCk andNk is thenum-
ber of images in clusterCk. Pn is the number of pairs of images in a cluster withn images:

In other words,Sk,l is definedto be the averagesimilarity betweenall pairs of imagesthat will be presentin the cluster
obtainedby mergingCk andCl. Sincethesimilarity betweenclustersis definedin termsof thesimilarity measuresbetweenthe
images in the clusters, there is no need to compute the cluster centers every time two clusters are merged.

Whentwo clusters,Ck andCl, aremergedto form a new clusterCm, thenit is necessaryto computethesimilarity of this clus-
terwith all otherclustersasgivenin Eq.(1). Thiscomputationis cumbersomeasshown below. For any clusterCt, thesimilar-
ity measure between Cm and Ct is:

(2)
andSm,m is set equal toSk,l.

A simple recursive methodto achieve the samecan be obtainedusing the fact that the first term in Eq. (2) is equal to
, the second term is equal to , and the third term is equal to

. Thus the similarity Sm,t canbe obtainedfrom, Sl,k, Sl,t, Sk,t, St,t, Sl,l,

andSk,k. The following equation requires far less computation compared to the one above.

                            (3)

In Eq. (2), Sm,t is computedby summingup thesimilarity measuresof all pairsof imagesin Cm andCt, andhencethecompu-
tationgrows asthesquareof numberof imagespresentin the two clusters.Thecomputationin Eq. (3) is independentof the
numberof imagesin theclusters.At thebeginningof clustering,for all theclustersSi,j is setequalto si,j andSi,i is setequalto
zero.

4.1. Cluster Center Computation

After clustering,anappropriatecenterhasto beobtainedfor eachcluster. Since,every imageis representedby P histograms
correspondingto P partitions,it is aptto usea similar representationfor clustercenters.A simplerepresentationwould bethe
averageof histogramsof all theimagesin thecluster. Sincethenumberof imagesin eachclustercanbelarge,averagingover
all the imagesmaybecomputationallyexpensive. Onesolutionis to find a smallernumberof representative imagesanduse
theaveragesof their correspondinghistogramsto representtheclustercenter. In thefollowing discussion,themaximumnum-
berof representative imagesfor a clusteris limited to R. Theserepresentative imageshave to bechosencarefullyso that the
cluster center computed from them is close to all the images in the cluster.

Thetreestructurethat is obtainedasa by-productof theclusteringalgorithmcanbeeffectively usedto selecttherepresenta-
tivesetof images.In Figure1, let usconsiderselectingtherepresentative imagesfor clusterC14. Fromthetreestructureit can
beinferredthattheimages1 and3 belongto cluster9 andimages2 and4 belongto cluster10.Henceagoodselectionof rep-
resentative images,for R=3, is to selectonefrom {1,3}, anotherfrom {2,4} and5. If R=2, thenit is apt to selectonefrom
{1,2,3,4} and5 asrepresentatives.Similarly for C12, it is betterto select6 and8 or 7 and8 insteadof 6 and7. Suchaselection
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would result in a representative set that captures the diversity of images present in the cluster.

Let Ci beaclusterfor whichasetof representative imagesis to beselected.A setof Rnodesis chosenfrom thetreeassociated
with Ci andfrom eachof thesenodesa representative imageis selected,resultingin R representative images.The following
steps explain this procedure:

1. Setn=0 and form a set . If R=1, then go to Step 5.

2. Eachelementin is an index of oneof thenodesin the treeassociatedwith Ci. Find anelementk suchthatNk is the

largest.

3. Form a new set  by copying all the elements of  exceptk and addingRCk andLCk.

4. Repeat steps 2 and 3 until the number of elements contained in is equalR.

5. Now containsR nodesfrom thetreeassociatedwith Ci. Fromeachof thesenodesa representative imageis chosen.If

, andNk=1 andtheselectionis straightforward, i.e., theassociatedimageis selected.If Nk>1, thenit is necessary

to selectasingleimagerepresentative from Ek. This is doneby selectingtheonethathasthemaximumaveragesimilarity
measure with the otherNk-1 images ofEk.

For theexampleshown in Figure1, finding a representative setof imagesfor C14 with R=2, beginswith and

andtheiterationstopshereas containstwo elementsalready. Now, sinceC5 hasasingleelement,image5,

is chosenasonerepresentative.Anotherrepresentative is selectedfrom C13 thatcontainsfour images{1,2,3,4} by calculating
theaveragesimilarity of eachimagewith theotherthreeimagesandthenchoosingtheonewith themaximumaveragesimilar-
ity. Assuming that image 2 has the largest average similarity, the representative set of images for clusterC14 is {2,5}.

After selectinga setof R representative images,the averagesof their P correspondinghistogramsareusedto representthe
clustercenter. In theexamplepresentedabove, theclustercenterfor C14 is representedby P histogramswhichareobtainedby
averaging the corresponding histograms of partitions of images 2 and 5.

4.2. Cluster Center Optimization

The techniquepresentedin the previous subsectionenablesus to computea clustercenterfor eachunmergedcluster. After
computingtheclustercenter, it is necessaryto evaluatetheoptimality of theclusteringandthecomputationof clustercenters.
Clustercentersareoptimal,if for eachimagecontainedin a cluster, thesimilarity measurebetweentheimageandthatcluster
centeris largerthanthesimilarity measurebetweentheimageandall theotherclustercenters.However this maynot betrue,
especiallygiventhefactthatwehaveonly useda representativesetandnotall theimagesin theclusterto computethecluster
centers.As a result,animagemayhave a largersimilarity measurewith otherclustercentersthanwith its own clustercenter.
To optimizetheclustercenters,it is necessaryto move all suchimagesto their closestclusters.Note that thesimilarity mea-
surebetweenan imageanda clustercenteris computedin exactly thesamemanneraspresentedin Section3 for computing
the similarity measure between two images.

The cluster center optimization is performed as follows:
1. For eachof then imagesin thedatabase,find thesimilarity measuresbetweentheimageandall theclustercenters.If the

clusterwith themaximumsimilarity measureis thesameclusterin which theimageis presentthennothingis done.If not,
movetheimagefrom theclusterin which it residesto theclusterthatit is mostsimilar to. Rearrangethetreesof bothclus-
ters to reflect this removal and addition as presented in Sections 4.2.1 and 4.2.2.

2. Recompute the cluster centers for all the clusters that have been rearranged as described in Section 4.1.
3. Repeatsteps1 and2 until thenumberof imagesto bemovedis below a threshold.Then,move theseimagesasin Step1

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.
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4.2.1. Removal of Nodes:
Whenremoving animagefrom a cluster, therearetwo possiblescenariosdependingon whethertheremovednodeis a direct
child of theroot of theclusteror not.Thesetwo scenariosarediscussedwith theexamplepresentedin Figure1, by removing
nodes5 and2 from C14. Node5 is adirectchild of C14, whereasnode2 is not.Removing thesetwo nodesis doneratherdiffer-
ently. Whennode5 is removed,node13 becomesredundantandhenceit is removedandreplacedwith node14.Now N14=4,
E14={1,2,3,4}, RC14=10, andLC10=9.

Whennode2 is removedfrom theoriginal tree,node10 will have only onechild andhenceit is removed.Node4 becomesa
child of node13 asshown in Figure2. Now, N13=3, E13={1,3,4}, andRC13=4. Appropriatechangesarealsomadefor the
parameters associated withC14.

Figure 2: Removing node 2 from clusterC14.

4.2.2. Addition of Nodes:
Whenaddinganimageto acluster, it is necessaryto decidewhereto insertthenew node.Thisdecisionis madetop-to-bottom.
Supposeanodeis to beaddedto Ck with right andleft childrenCi andCj respectively. FirstEk andNk areupdatedto reflectthe
additionof thenodeto Ck. Thedecisionof whetherto addthenodeto Ci or Cj is again basedon thesimilarity measure.The
nodeis addedto Ci, if theaveragesimilarity of thenode(image)with all theimagesin Ci is largerthantheaveragesimilarity
of thenodewith all theimagesin Cj andvice versa.If thenodeis addedto Ci, theparametersassociatedwith Ci areupdated.
Thenodeis thenaddedto eithertheright or left child of Ci. This processis repeatedrecursively until theleavesof thetreeare
reached.This is shown in theFigure5, whereimage2 is addedto clusterC12 of Figure2. First theparametersassociatedwith
C12 areupdated,N12=4 andE12={6,7,8,2}. Thento decidewhetherit hasto beaddedto C11 or C8, thesimilarity measures2,8

is comparedwith (s2,6+s2,7)/2. If thelatter is larger, thenE11 is updatedto {6,7,2} andN11 is updatedto 3. Thens2,6 ands2,7
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are compared and if s2,7 is larger, a new nodeC15 is created withRC15=2 andLC15=7.

Figure 3: Adding node 2 to cluster C12.

5. Performance Evaluation

Performanceevaluation has long beena difficult problem in image processingand computervision, and content-based
retrieval is no exception.This is primarily becauseof thedifficulty associatedwith relevantquantitative measuresfor evalua-

tion. In content-basedretrieval, precisionand recall measureshave beenfrequentlyused5 to evaluatethe performanceof
retrieval algorithms.In our case,thereis no needto evaluatethesubjective quality of theretrieval, but it is only necessaryto
compare the retrieval with clustering against the exhaustive search.

We have useda quantitative measureto comparetheretrieval resultsbasedon clusteringagainsttheretrieval resultsbasedon
exhaustive search. A usersearchingthrougha largedatabase,is interestedin only the top few bestmatches(say10 or 20).
Hence,if theretrieval with clusteringreturnsthesamefew bestmatchesastheonesreturnedby retrieval basedon exhaustive
search,thentheretrieval with clusteringis accurate.Let usassumingthattheuseris interestedin only thetop K bestmatches
andthatM is thenumberof imagesthatarepresentin boththetop K resultsreturnedby retrieval with andwithout clustering.
Then, the retrieval accuracy with clustering , wheni th image is used as a query is defined as:

The average retrieval accuracy with clustering,AK, is obtained by taking the average  over all query images.

The resultsof hierarchicalclusteringpresentedhereareobtainedwith a databaseof 3856 images,200 of theseimagesare
takenfrom two collectionsof CORELProfessionalPhotoCD-ROMs,theSamplerII - Series400000andtheSampler- Series
200000.The restof the imagesareobtainedfrom theDepartmentof WaterResources,California.The imagesareof widely
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varyingcolorsandscenecontent.Thehierarchicalclusteringalgorithmwasappliedto the3856imagesin thedatabaseresult-
ing in 174clusterswith thelargestclusterhaving 80 imagesandthesmallestclusterhaving 5 images.Thenumberof clusters,
nc, is chosen such that the average number of images per cluster is 22,i.e., nc=3856/22=174.

Weconductedtwo setsof experiments.In thefirst set,weusedeachof the3856imagesin thedatabaseasqueryimagesandin
thesecondsetweusedasetof 300imagesthatarenotapartof thedatabaseasqueryimages.Thequeryimagesarecompared
with all theclustercentersandthetop3,4,7,10,13,19,25,and31clustersarechosen.All theimagesin theselectedclustersare
comparedexhaustively with the queryandthe mostsimilar imagesaredisplayedto the userasthe resultof the search.The
averageretrieval accuracy andtheaveragenumberof requiredsimilarity comparisonsareobtainedby takingtheaverageover
all thequeryimages.We foundtheperformanceresultsarealmostsimilar for the two setsof experiments,sowe presentthe
resultsfor thelattercase.Figure4 showstheplot of theaverageretrieval accuracy againsttheaveragenumberof thesimilarity
comparisonsrequired.Theplot consistsof 8 points,obtainedby examiningthetop3,4,7,10,13,19,25,and31clusters.Theleft-
most point correspondsto the result obtainedby examining 3 clustersand the rightmost point correspondsto the result
obtainedby examining 31 clusters.From the figure it can be seenthat for K=10, i.e., the user is interestedin the top 10
retrieved images,90% retrieval accuracy canbe obtainedwith 540 similarity comparisonsasopposedto 3856comparisons
that would be requiredfor exhaustive search.We expect that the computationalgain will be larger as the sizeof database
increases.Table1 shows thenumberof similarity comparisonsrequiredto achievea90%retrieval accuracy for threedifferent
databasesizes.Fromthetableit canbeseenthatthenumberof similarity comparisonsrequireddoesnot increaselinearlywith
the number of images in the database and the speed-up factor increases with the size of the database.

Figure 4: Retrieval accuracy with hierarchical clustering

Table 1: Retrieval Performance for different database sizes
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6. Conclusions

In thispaperwehavepresentedanalgorithmfor scalableimageretrieval by color, whereimagesarerepresentedby localcolor
histograms.Thesimilarity betweenimagesis calculatedbasedon local color properties.Imagesin thedatabaseareclustered
into groupshaving similar color contents.This groupingenablessearchingonly imagesthatarerelevant to thequeryimage.
For a databasecontaining3856images,a retrieval accuracy of 90% canbe achieved with only 540 similarity comparisons.
Experimentswith differentdatabasesizesshow thatthenumberof similarity comparisonsrequiredto achieveagivenretrieval
accuracy does not increase linearly with the size of the database thus making the algorithm scalable to large databases.
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