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Abstract

With the increasingnumberof geographicalmage databasesn the Internet,it is a very important
issueto know aboutthe mostrelevantimagedatabasefor given userqueries,in orderto achiese high
efficiengy in retrieving theimages.To addresshis problem,we have developedanovel system \ebview,
which intelligently ranksthe distributed geographicaimage databasedasedon their visual content.
Our systemsummarizeghe visual contentof eachdatabasén a metadatabaseyhich is a collectionof
automaticallygeneratedmagetemplatesandstatisticaimetadataWith the metadatabasepur systemcan
guidetheuserqueriestowardthe mostrelevantimagedatabasem a distributedervironment.

1 Introduction

Geographicalmagesarebeinggatheredrom civil, defenseandintelligencesatellitesat anexplosive
rateonthelnternet.Oneof thechallengingoroblemsor content-basetinageretrieval (CBIR) systemss
to retrieve therelevantimagesfrom remoteimagedatabasegivenuserqueries.Undersuchadistributed
ernvironment, it is impracticalfor the systemto examineall the imagesin the database$o matchfor
the relevantimages. Instead,basedon a particularvisual query the systemshouldbe ableto rank the
relevantimagedatabasesitelligently by the metadatayatheredcand summarizedrom respectie image
databasesThequeryis thenguidedto therespectie databaseandtherelevantimagesn thosedatabases
arereturnedo users.

Basedon our previous works on the dataresourceselectionin distributedvisualinformationsystems
(Changet al, 1998) and on CBIR (Zhu et al, 2000; Sheikholeslamit al, 1999), Webview is devel-
opedto supportcontent-basedetrieval on the distributed geographicainformationsystem(GIS) image
databasesln the following sectionswe will first introducethe systemarchitectureof our systemthen
focusonthedesignandimplementatiorof the metaserer armedwith the metadatabasandthe database
rankingmechanismandfinally describeheuseraccesspplications.

2 System architecture

ThesystemincludesthreemajorcomponentsThefirst components theremoteGlSimagedatabases
andrespecire imageretrieving seners. The secondcomponenis the metaseregr, including the meta-
databasethe metasearchgent.andthe querymanagerThethird components the useraccessapplica-
tionsattheclientmachinesThecomponentareillustratedin Figurel(a).
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Figurel: (a) Systemarchitectureof the Webview, (b) Systemprototypeincluding 6 remoteGIS image
databases

Figure 1(b) shawvs a systemprototypehosting six remoteGIS image databases.The geographical
imagesin thesedatabasesepresenthe sceneof grass,tree, residenceandwater The databaseare
locatedin the remotehostcomputersconnecteddy the Internet. As shavn in Figure 1(b), atSep 1 a
visualqueryis sentto the metasergr, which, basedn the metadatabaseankstherelevantdatabasefor
the query At Sep 2, the queryis forwardedto the selecteddatabasesThe matchedmagesfrom each
selecteddatabasaresentbackto users.

3 Metaserver

The metaserer includesa Query manager for extracting the image featurevectorsfrom the user
gueriesandfor suitablematchingof the featurevectorswith the metadatéhousedn the Metadatabase,
usesthe Metasearch agent for producinga ranked list of the remotedatabaseselevant to the queries,
and guidesthe queriesto the selecteddatabasesWe first introducehow to extract the imagefeature
vectorsthendescribehow to generatéhe metadatabasendhow the databaseankingmechanismworks
to retrieve therelevantimagesfrom theremoteimagedatabases.

3.1 Extraction of image feature vectors

Basedondifferentapproachegshevisualcontentof eachimagein the databasesanberepresenteds
multiple featurevectors,eachcorrespondingo a differentfeatureclass.We useWavel et (Sheikholeslami
et al, 1999)andKeyblock-basednethodqZhu et al, 2000)to extractthe featurevectors.

For wavelet-basedeatureextraction, we use Nona-tree(Sheikholeslamgt al, 1997)to decompose
eachimageto sub-imagegecursvely until a certainsub-imagesize (in our system,it is 64 64) is
reached.Thenbasedon the sub-imagesswell asthe original images differenttypesof wavelet trans-
forms suchas Haar DaubechiesCohen-Daubechies-Feaal(4, 2) (CDF_4) and Cohen-Daubechies-
Feaueau(2,2) (CDF_2) areappliedto extracttexture featurevectorsof imagesat differentscalesfrom
coarseo fine.

For thekeyblock-basedeatureextraction,thesub-imagesalsocalledblocks)derivedusingNona-tree
areencodedusinga pre-defineccodebookandimagefeaturesare extractedbasedon the frequeng and
correlationof representate blocks.

3.2 Generation of metadatabase

The metadatabaseecordsthe image templates asthe summarief the visual contentsof theimages
for remoteimagedatabasesEachtemplateis associatedvith the statistical metadata to characterizets



similarity distributionswith theimagesn variousremotedatabasedie briefly introducehow to generate
themasfollows:

(1) Image templates. The featurevectorsof theimagesin the databasesan be classifiedinto clusters.
Eachclustercanbe representedby a singlefeaturevector denotedastemplate, which is generallythe
centroidof the cluster The clusterscan be further classifiedinto sub-clustersyhich canthenbe rep-
resentedy their centroids. The benefitof this approachis that a hierarchicalindex canbe built on the
templatedo supportefficient queryretrievals. A templateat a higherlevel representshe coarsefeatures
thatcontainall thefeaturegepresentety its child templates.

To find thetemplatesyve first selectsampleimagesfrom remotedatabaseBy usingthe hierarchical
clusteringmethod we build atree-like structurecalleddendrogramWe cancutthe dendrogranat differ-
entlevelsresultingin differentsetsof clusters.We thenusethe centroidsof theresultingclustersasthe
templates.The processgs appliedfor eachfeatureclassto find the correspondingemplates.Thusthese
templatesanrepresentheimagesn the entireremotedatabaseoncisely
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Figure2: (a) Visualizationof templatesand statisticalmetadatdor the databasé&s1S-CA, (b) Database
rankingresultby Metaserer

(2) Satistical metadata: Basedonthetemplatesollectedfrom individual databasesye canmeasurehe
similarity of imagesin the databaseto the templates.We assumehatthe similarity of featurevectors
betweena certainimageand a templateindicatestheir similarity of visual content. More specifically
givenatemplate(whichis a featurevector denotedrl’) andits correspondingmage(denoted+), andan
imagelgy with featurevectorFV, the degreeof similarity betweenT andFV will reflectthe similarity
of visualcontentbetween+ andlgy.

By the distributions of the similarities betweendatabaseémagesandthe templatesstatisticalmeta-
datacanbe computedo representhe visual relationshipdbetweerthe databaseandtemplatesj.e. the
likelihoodof a databaseontainingimagesthatarerelevantto atemplate.

In our system,we visualizethe templatesand statisticalmetadatdor eachremotedatabaseFigure
2(a)shavsthetemplategshavn in thetemplateémages)ndthe statisticalmetadatdshavn in theyellow
box, for a certaintemplate)n thedatabas&I1S-CA.

3.3 Remote database ranking mechanism

Basedon the metadatabasehe remoteimage databasegan be ranked by the metasearctagent
with regardto a particularvisual query The similarity betweenthe featurevector of the queryim-
ageand all the templatesin the metadatabaswill be calculatedto determinethe mostrelevant tem-
plate(s)for the query Basedon the statisticalmetadataassociatedvith the template(s),the Mean-
Based approach (Changet al, 1998)is appliedto rank the databases.In Figure 2(b) , the table un-



Figure3: Retrieval resultsfrom all theremotedatabasefor a givenquery

derthe queryicon shaws the resultof rankingthe databasesvith the red barsindicating the Percent-
age Redevant_images Number_of_images.in_DB . Thelargerthe percentagethe highertherank of
databasavill be.Oncetherankedlist of theremotedatabasewith regardto a certainqueryis generated,
themetaserer will posethe queryto therelevantdatabaseselectedy users.The CBIR techniquesvill
beconductedn theremotedatabasémageretrieving senersto obtaintherelevantimagesbackto users.

4 User access applications

Userscanchoosdhequeryimageseitherfrom thedatabasesr from thelnternetusinganimageURL.
Therelevantimagesarethenretrievedin theprocesslescribedibore. For thequeryshavn in Figure2(b),
the final retrieval resultsfrom all the remotedatabaseareshovn in Figure 3. Userscanalsoview the
templatesandstatisticalmetadatdor eachremotedatabaseasshavn in Figure2(a).

5 Conclusion

We have developedthe Webview to supportimage retrieval from distributed geographicaimage
databasesver Internet. Basedon the queries the systemranksthe remoteimagesdatabaseby the in-
formationcollectedin the metadatabas#henguidesthequerieso themostrelevantdatabaset retrieve
therelevantimagesbackto users Experimentalesultsdemonstrat¢he effectivenessof our system.
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