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Abstract

Novel approachesare neededto supportcontent-basedretrieval on large-scalegeographicimage
databases.In this paper, we presenta new approachtermedKeyblock for content-basedgeographic
imageretrieval,which is ageneralizationof thetext-basedinformationretrieval technologyin theimage
domain.In thisapproach,methodsfor extractingcomprehensivegeographicimagefeaturesareprovided,
which are basedon the frequency andcorrelationof representative blocks, termedkeyblocks, of the
geographicimagedatabase.Keyblocks,which areanalogousto index termsin text documentretrieval,
canbe constructedby exploiting variousclusteringalgorithms.By comparingthe performanceof our
approachwith conventionaltechniquesusingcolor featureandwavelettexturefeature,theexperimental
resultsdemonstratetheeffectivenessof our approachfor geographicimageretrieval.

1 Introduction

Geographicimagesarebeinggatheredfrom civil, defense,andintelligencesatellitesat an explosive rate.
For example,NASA hasterabytesof spacedatafor explorationof spaceandatmosphericsciences.The
United StatesGeologicalSurvey (USGS)provides the archiving of the Nation’s largestrepositoryof re-
motelysenseddataalongwith otherUSGSnaturalsciencedata.To effectively andefficiently accesssuch
enormousdataresources,novel approachesareneededto supportcontent-basedretrieval onlarge-scalegeo-
graphicimages.Despitetheadvancein content-basedimageretrieval [2, 12, 8,1], systemsthataredesigned
particularlyfor geographicimagesarescarce.Effective representationof geographiccontenthasnot been
adequatelyaddressed.

In general,content-basedimageretrieval (CBIR) usinglow-level featuressuchascolor, texture,shape
andothersextractedfrom the imageshasbeenwell studied. Variousimagequeryingsystemsincluding
QBIC [2], VisualSeek[12], PhotoBook[8] andVirage[1] have beenbuilt basedon the low-level features
for generalor specificimageretrieval tasks.However, effective andpreciseimageretrieval still remainsto
beanopenproblembecauseof theextremedifficulty in imageunderstanding.

In contrast,many techniquesin text-basedinformationretrieval (IR) have beendeveloped,andsome
keyword-basedtext informationretrieval systemssuchasYahoo,Lycos,andGooglehave achieved great
successfor indexing andqueryingwebsites.Thesuccesshasalsoshedlight on theareaof content-based
imageretrieval becausethe relatively maturetheoriesand techniquesof text-basedinformation retrieval
maybeappliedto theimagedomain.Oneof therepresentativesis to annotateimageswith metadatasuchas
text keywords,captionsandthento index theimagedatabaseusingtext-basedtechniqueson themetadata.�
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Sincebothtext andimageretrieval areinvolvedin informationretrieval, thesuccessof thetext-basedinfor-
mationretrieval motivatesusto developa theoryof content-basedimageretrieval which is analogousto the
techniquesdevelopedin text-basedinformationretrieval.

The generalizationof informationretrieval from text domainto imagedomainis however non-trivial.
The greatestobstacleis dueto the intrinsic differencebetweentext andimageasdifferentmediain rep-
resentingandexpressinginformation. With respectto representation,syntactically, a text documentis 1-
dimensionalwhile an imageis 2-dimensional.With respectto expression,semantically, theunits (words)
of a text document,especiallythosekeywords,carry direct semanticswhich arerelatedto the semantics
of text documents.In contrast,theunitsof an image,eitherin thepixel level or in thesegmentlevel after
segmentation,provide generallyno clue at all aboutthe semanticsof the imagein the first case,or give
unreliableobjectdescriptionin thesecondcase.

In recognizingtheexisting problemsin theCBIR field, this researchinvestigatesthetheoriesandtech-
niquesof informationretrieval for geographicimageswhich areanalogousto keyword-basedtext retrieval.
Ourwork will resultin practicalsolutionsfor queryingandbrowsingof geographicimagesover theweb. A
critical issueto beaddressedis how to constructmetadata(or featuresegments)in imageswhicharesimilar
to keywords.We termsuchmetadataor featuresegmentsas“k eyblocks”. Thecodebookconsistsof theset
of keyblocksthatareselected.If thecodebookof thekeyblockscanbeconstructed,thenan imagecanbe
encodedasthe indicesof thekeyblocksin thecodebook.Basedon this imagerepresentation,information
retrieval anddatabaseanalysistechniquesdevelopedin text domaincanbegeneralizedfor imageretrieval.
We presenta new approachfor content-basedgeographicimageretrieval, which is a generalizationof the
text-basedinformationretrieval technologyin theimagedomain.

This paperis organizedasfollows. Section2 introducesthe framework of the keyblock-basedimage
retrieval. Section3 describestheapproachesfor generatingkeyblocksof imagesandfor encodingimages.
Section4 presentsthe codebookbasedimagefeatureextraction and retrieval models. And finally, the
conclusionis providedin Section5.

2 Keyblock-based Image Retrieval Model

To generalizetechniquesof informationretrieval from thetext domainto theGISimagedomain,wepropose
apracticalframework calledkeyblock-basedimageretrieval, which includesthefollowing mainstages:

(1). Codebookgeneration: generatecodebookswhich containkeyblocksof differentresolutions.Al-
thoughobjectsaregoodcandidatesto be consideredasvisual keywordsin the images,objectrecognition
for naturalimagesis still an unsolved problemandmay remainto be an openproblemin the long term.
With a limited degreeof sacrificingtheaccuracy, onepracticalapproachis to partition/segmenttheimages
into smallerblocks,andthenselecta subsetof representative blocksusingclusteringalgorithms. These
representative blockscanbeusedasthekeyblocksto representtheimagecontents.

(2). Image encoding: for eachimagein thedatabaseaswell asin thequery, decomposeit into blocks.
Then, for eachof the blocks,find the closestentry in the codebookandstorethe index correspondingly.
Eachimageis thenamatrixof indices,whichcanbetreatedas1-dimensionalcodesof thekeyblocksin the
codebook.This propertyis similar to a text documentwhich is consideredasa linear list of keywordsin
text-basedinformationretrieval. Theimagecanalsobere-constructedby usingthecodebook.

(3). Image feature representationandretrieval: extractcomprehensive imagefeatures,which arebased
on the frequency of the keyblockswithin the image,andprovide retrieval techniquesto supportcontent-
basedimageretrieval. Therearefour maincomponentsin this stage:(a). DatabaseD ��� I1 �	�
�
�
� I j �	�
�
�
� IM � :
a list of encodedimages;(b). CodebookC ��� c1 �	�
�
�
� ci �	�
�
�
� cN � : a list of keyblocks; (c). CBIR model
ϕ ��
 f � s� : f is a featureextractionmappingwhich generatesthe featurevectorfor eachimage,ands is a
similarity measurebetweenthe featurevectorsof two images;and(d). Q: a setof visual queries,where
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Figure1: Flowchartof thekeyblock-basedimageretrieval.

eachqueryq hasa featurevectorwhich is similar to thefeaturevectorof animage.

Figure1 illustratesa flowchartof our approach.This ideawasinitially exploredin [5, 4]. This paper
expandstheideaandapplyit to thegeographicimagedomain.

3 GIS Codebook Generation

Keyblockgenerationis critical to ourapproach.Two generaldomainsareconsideredin ourapproach:

� Original space: with a limited degreeof sacrificingtheaccuracy, onepracticalapproachis to parti-
tion/segmenttheimagesinto smallerblocks,andthenselecta subsetof representative blocks,which
canbeusedasthekeyblocksto representtheimages.

� Featurespace: anotherpracticalapproachis to extractlow-level featurevectors,suchascolor, texture,
andshape,from imagesegments/blocks,andthenselecta subsetof representative featurevectors,
whichcanbeusedasthekeyblocksto representtheimages.

We designvariousclusteringapproachesto generatekeyblocksfrom eithertheoriginal imagespaceor
thefeaturespace.Thekeyblocksareselectedfrom thecentroidsof theclustersof eithertheoriginal space
or featurespace.Fundamentally, letC ��� c1 �	�
�
�
� ci �	�
�
�
� cN � bethe“codebook”of thekeyblocksrepresenting
theimages,whereN is thecodebooksizeandci , 1 � i � N, arethekeyblocks.Let F beamapping:

F : Rk ��� C ��� c1 �	�
�
�
� ci �	�
�
�
� cN � ci � Rk ���
whereRk is theEuclideanspaceof dimensionk. GivenasequenceT ��� t1 �	�
�
�
� t j �	�
�
�
� tl � t j � Rk � , themapping
F givesriseto apartitionof T whichconsistsof N cellsP ��� p1 �	�
�
�
� pi �	�
�
�
� pN � , wherepi ��� t � t � T � F 
 t ���

3



Figure2: 3-Stagesof theknowledge-basedkeyblockgeneration.

ci ��� For a given distortionfunctiond 
 t j � ci � , which is thedistancebetweenthe input t j andoutputcodeci

(For example,theEuclideandistance,whichis alsocalledthesquareerror),anoptimalmappingmustsatisfy
thefollowing conditions:

� NearestNeighborCondition: For eachpi , if t � pi , thend 
 t � ci ��� d 
 t � c j � , for all j �� i.

� Centroid Condition: For agivenpartitionP, theoptimalcodevectorssatisfy

ci � ∑t � pi
t

ki
� 1 � i � N � ki is thecardinality of pi �

Therearea variety of clusteringalgorithmsavailablewhich canbe appliedto different typesof data
sets[6, 13, 14, 7, 9, 10]. We usea practicalandefficient algorithm. In this algorithm,clusteringis applied
to the setof dataobtainedfrom a training setof the images(eitherfrom the original spaceor the feature
space)andthenthe centroidof eachclusteris usedasa codebookentry. Two popularlyusedalgorithms
areGeneralizedLloyd Algorithm(GLA) [3] andPairwiseNearestNeighborAlgorithm(PNNA). Weusean
integratedapproachof thetwo algorithmsto efficiently generatethecodebookof keyblocks. Furthermore,
wealsoincorporatetheGISdomainknowledgeinto thekeyblockgenerationprocess.Togeneratecodebooks
which reflectsthe semanticcontentof the geographicfeatures,we adopta 3-stagekeyblock generation
strategy which is illustratedin Figure2.

At stageI, for eachgeographicfeature(For example, for geographicimagedatabaseGEO usedin
our testing,therearefive geographicfeatures:water, agricultureareas,forest,grasslands,andresidential
areas.),acorrespondingcodebookwill first begenerated.For eachgeographicfeature,domainexpertsonly
needto provide sometraining images,thentheclusteringalgorithmmentionedabove is usedto selectthe
keyblocks.At stageII, codebooksgeneratedin thestageI will bemergedto abig codebook.Thiscodebook
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Figure3: A raw imageandtheencodedimagesafterre-constructionwith differentcodebooks.Eachcode-
bookis obtainedwith thesametrainingset.

haskeyblocksof differentsemanticmeaningandcanbeusedin imagecodinganddecoding.At stageIII, a
fine tuningprocess,termedlearningvectorquantization(LVQ)-basedapproach,will beused.

In our experiments,to generatekeyblocks, 405 remote-sensingimagesare randomlyselectedas the
trainingsetfrom our GIS testbed.Threeblock sizes,2  2, 4  4, and8  8, areused. Intuitively, blocks
with differentsizesmaycaptureinformationwith differentgranularity. Usuallysmallerblocksexploit local
informationof theimagecontent,suchasedgesandregionswith highspatialfrequency. Largerblocksmay
provide correlationamongneighboringsub-blocksaswell asanoverview of theglobalvariation.

For eachblock size,experimentshave beenperformedto generatecodebooksof threedifferentsizes
256,512,and1024. In theimplementation,thedistortion,which is theobjective functionfor optimization
whengeneratinga codebook,is thesquareerrorcommonlyusedfor imagecompression.Thesquareerror
is the Euclideandistancebetweenthe vectorsof the intensityvaluesof an original block and that of the
correspondingkeyblock. In short,thetestingis conductedwith 9 (3 block sizes  3 codebooksizes)code-
books.After thecodebooksaregenerated,all imagesin thedatabasearethenencodedcorrespondingly. As
anexample,Figure3 shows animageandits reconstructedimageswith differentcodebooks.

To encodeanimagebasedon thecodebook,theimageis partitionedor segmentedinto blocksandthen
eachblock (or its featurevector)is replacedby the index of thenearestentry in thecodebook.Now each
imageis anmatrixof indicesof thekeyblocks.Wecanre-constructtheimageusingthecodebookto measure
if thecodebookis properlyselected.To reconstructtheimage,eachindex is replacedby thecodevectorin
thecodebookwhich is actuallya lookuptable.Obviously, thereconstructedimageis only anapproximation
of theoriginal one.Figure4 illustratesthegeneralprocedurefor imageencodinganddecoding.

4 Keyblock-Based Image Feature Representation and Retrieval

Imagefeaturerepresentationmodelssimilar to text-basedretrieval modelscanbedesignedin this context.
Wehave designedvariousmodelssuitablefor geographicimages:
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Figure4: Thegeneralprocedureof imageencodinganddecoding.

� Modelsbasedon singlekeyblocks: the featuresarecalculatedbasedon theappearanceof individual
keyblocks(termeduni-blockmodels).In particular, we have designedBooleanModel (BM), Vector
Model (VM), andHistogramModel (HM).

� Modelsbasedon multiple keyblocks: the featuresarecalculatedbasedon the correlationsbetween
keyblocksin images.Ourpurposeis to extractfeaturevectorswhichnot only includetheoccurrence
informationof blocksbut alsocarry context informationof the neighboringblocks. We call such
modelsn-block model,wheren is the numberof blocksconsidered.Particularly interestedmodels
arebi-block andtri-block models.

� Modelsbasedoncombinedfeatures: Theabovemodelscapturedifferentimagecontentundervarious
contexts. For example,theuni-block modelonly considerssinglekeyblock’s occurrence,while the
bi-blockandtri-block modelsconsidermultiplekeyblocks’co-occurrence.It is reasonableto combine
themto improve theretrieval performance.

Wehaveconductedcomprehensive experimentsto demonstratetheeffectivenessof thesemodels.In the
GIS domain,usersaremoreinterestedin “subimagematch”: givena small imagepatternwhich represents
kinds of geographicfeaturessuchasforestandwater, find imageshaving similar geographicfeaturesand
mark out thoseareas. It is relatively similar to object recognition. We comparedthesemodelswith the
popularlyusedwavelet-basedmodels.

For wavelettransforms,first, weuseNonaTree[11] to decomposeeachimageto subimagesrecursively
until a certainsubimagesize(in this experiment,it is 32  32.) is reached.Then,basedon thesesubimages
aswell asthoseoriginal images,differenttypesof wavelettransformssuchasgabor, haaranddaubechiesare
appliedto extracttexturefeaturesof imagesatdifferentscales/resolutionsfrom fineto coarse.Similarly, for
codebook-basedfeatureextractionandretrieval, we first useNonaTreeto decomposeeachencodedimage,
thenconductmodelssuchastheuni-blockmodel,bi-blockmodel,tri-block modelandfeaturecombination
modelrespectively on thesubimagelevel.
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Figure5: Exampleof retrieval resultson anagricultureimagein GEO.

Thereare33 queryimageswhich aresubimagesof 32  32 chosenfrom theimagesin thedatabaseby
GIS expertsfrom NCGIA at Buffalo. Thesequeryimagesaredividedinto 5 categories:agriculture,grass,
forest,residentialarea,andwater. Their featurevectoraregeneratedcorrespondingly. For eachquery, the
averageprecisioncorrespondingto the top 1, 2, ..., up to 40 retrieved imagesarecalculated.Finally, the
averageprecisionis calculatedoverall queries.

Figure5 shows theretrieval resultsof anagricultureimage.Thequeryimageis at theupper-left corner.
The returnedimagesaswell asthe marked areasof our approachis apparentlybetterthanthoseof gabor
wavelet. Figure6 indicatethat the performanceof our approachoutperformthe wavelet transforms.For
example,in the caseof FeatureCombinationModel, the averageprecisionis always20% to 30% higher
thanwavelettransforms.
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Conclusion

A new approachfor content-basedgeographicimageretrieval is proposedby exploiting analogoustext-
basedIR techniques.Theproposedapproachprovidesmethodsfor extractingimagefeatureswhich is not
in favor of any particularlow-level featuresuchascolor or texture. Instead,the featuresextractedfor an
imageis a comprehensive descriptionof thecontentof theimagewhich is moresemantics-relatedthanthe
existinglower-level features.Wehaveconductedsubstantialexperimentsto demonstratetheeffectivenessof
theproposedapproach.Resultshavedemonstratedthatourapproachis superiornotonly to colorhistogram
andcolor coherentvectorapproacheswhich arein favor of color features,but alsoto HaarandDaubechies
wavelettextureapproacheswhichhave beencommonlyusedfor texture-basedgeographicimageretrieval.
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