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Abstract

Novel approachesre neededto supportcontent-basedetrieval on large-scalegeographidmage
databases.In this paper we presenta new approachtermedKeyblod for content-basedeographic
imageretrieval, which is a generalizatiorof thetext-basednformationretrieval technologyin theimage
domain.In thisapproachmethoddor extractingcomprehensie geographiémagefeaturesareprovided,
which are basedon the frequeng and correlationof representatie blocks, termedkeyblocks, of the
geographidmagedatabaseKeyblocks,which areanalogougo index termsin text documentetrieval,
canbe constructedy exploiting variousclusteringalgorithms. By comparingthe performanceof our
approachwith corventionaltechniquesisingcolor featureandwavelettexture feature the experimental
resultsdemonstrat¢he effectivenesof our approactor geographiédmageretrieval.

1 Introduction

Geographidmagesare beinggatheredrom civil, defenseandintelligencesatellitesat an explosie rate.

For example,NASA hasterabytesof spacedatafor exploration of spaceand atmosphericsciences.The

United StatesGeologicalSurney (USGS)providesthe archving of the Nation’s largestrepositoryof re-

motely sensedlataalongwith otherUSGSnaturalsciencedata. To effectively andefficiently accessuch
enormougslataresourcespovel approacheareneededo supportcontent-basetktrieval onlarge-scalegeo-

graphicimages.Despitetheadwancein content-basenageretrieval [2, 12, 8, 1], systemghataredesigned
particularlyfor geographiagmagesare scarce.Effective representationf geographiccontenthasnot been
adequatehaddressed.

In generalcontent-basednageretrieval (CBIR) usinglow-level featuressuchascolor, texture, shape
and othersextractedfrom the imageshasbeenwell studied. Variousimage queryingsystemsncluding
QBIC [2], VisualSeeK12], PhotoBooKk8] andVirage[1] have beenbuilt basedon the low-level features
for generalor specificimageretrieval tasks.However, effective andpreciseimageretrieval still remainsto
beanopenproblembecaus@f the extremedifficulty in imageunderstanding.

In contrast,mary techniquesn text-basedinformationretrieval (IR) have beendeveloped,andsome
keyword-basedext informationretrieval systemssuchas Yahoo,Lycos,and Googlehave achieved great
succesgor indexing andqueryingweb sites. The succes$asalsoshedlight on the areaof content-based
imageretrieval becausehe relatively maturetheoriesand techniquesof text-basedinformation retrieval
maybeappliedto theimagedomain.Oneof therepresentatesis to annotatémageswith metadatauchas
text keywords, captionsandthento index the imagedatabaseisingtext-basedechniqueon the metadata.
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Sincebothtext andimageretrieval areinvolvedin informationretrieval, the succes®f thetext-basednfor-
mationretrieval motivatesusto developatheoryof content-basetmageretrieval whichis analogougo the
techniqueslevelopedin text-basednformationretrieval.

The generalizatiorof informationretrieval from text domainto imagedomainis however non-trivial.
The greatesbbstacleis dueto the intrinsic differencebetweentext andimageasdifferentmediain rep-
resentingand expressinginformation. With respectto representationsyntactically a text documents 1-
dimensionalhile animageis 2-dimensional . With respecto expression semanticallythe units (words)
of a text documentespeciallythosekeywords, carry direct semanticsvhich arerelatedto the semantics
of text documents.n contrastthe units of animage,eitherin the pixel level or in the segmentlevel after
sgmentation,provide generallyno clue at all aboutthe semanticof the imagein the first case,or give
unreliableobjectdescriptionin thesecondcase.

In recognizingthe existing problemsin the CBIR field, this researchinvestigateghe theoriesandtech-
niquesof informationretrieval for geographiédmageswhich areanalogoudo keyword-basedext retrieval.
Ourwork will resultin practicalsolutionsfor queryingandbrowsing of geographiédmagesovertheweh A
critical issueto beaddresse@ how to construcimetadatgor featureseggments)n imageswhich aresimilar
to keywords. We term suchmetadatar featuresegmentsas“k eyblodks”. The codeboolkconsistof the set
of keyblocksthatareselected.If the codebookof the keyblockscanbe constructedthenanimagecanbe
encodedasthe indicesof the keyblocksin the codebook.Basedon this imagerepresentatiorinformation
retrieval anddatabas@nalysistechniqueslevelopedin text domaincanbe generalizedor imageretrieval.
We presenta newv approachor content-basedeographidmageretrieval, which is a generalizatiorof the
text-basednformationretrieval technologyin theimagedomain.

This paperis organizedasfollows. Section2 introducesthe framework of the keyblock-basedmage
retrieval. Section3 describeghe approachefor generatingeyblocksof imagesandfor encodingimages.
Section4 presentghe codebookbasedimage featureextraction and retrieval models. And finally, the
conclusionis providedin Section5.

2 Keyblock-based Image Retrieval Mode

To generalizéechnique®f informationretrieval from thetext domainto the GIS imagedomain,we propose
apracticalframenork calledkeyblock-basedmageretrieval, which includesthefollowing mainstages:

(1). Codeboolgeneantion: generatecodebooksvhich containkeyblocks of differentresolutions.Al-
thoughobjectsare good candidateso be consideredasvisual keywordsin theimages,objectrecognition
for naturalimagesis still an unsohed problemand may remainto be an openproblemin the long term.
With alimited degreeof sacrificingthe accurag, onepracticalapproacthis to partition/sgmenttheimages
into smallerblocks, andthen selecta subsetof representate blocks using clusteringalgorithms. These
representate blockscanbeusedasthe keyblocksto representheimagecontents.

(2). Image encoding for eachimagein the databaseaswell asin the query decomposét into blocks.
Then, for eachof the blocks, find the closestentry in the codebookand storethe index correspondingly
Eachimageis thena matrix of indices,which canbetreatedas1-dimensionatodesof thekeyblocksin the
codebook.This propertyis similar to a text documentwhich is consideredasa linear list of keywordsin
text-basednformationretrieval. Theimagecanalsobere-constructedby usingthe codebook.

(3). Image featue representatiorandretrieval: extractcomprehense imagefeatureswhich arebased
on the frequeng of the keyblockswithin the image,and provide retrieval techniquego supportcontent-
basedmageretrieval. Therearefour main componentsn this stage:(a). Databas® = {li,...,1j,...,Im }:
a list of encodedimages;(b). CodebookC = {c,...,Gi,...,cn}: alist of keyblocks; (c). CBIR model
¢ = (f,s): fis afeatureextractionmappingwhich generateshe featurevectorfor eachimage,andsis a
similarity measurebetweenthe featurevectorsof two images;and (d). Q: a setof visual queries,where
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Figurel: Flowchartof the keyblock-basedmageretrieval.

eachqueryq hasa featurevectorwhich is similar to thefeaturevectorof animage.

Figure 1 illustratesa flowchartof our approach.This ideawasinitially exploredin [5, 4]. This paper
expandgtheideaandapplyit to the geographiégmagedomain.

3 GISCodebook Generation

Keyblock generatioris critical to our approachTwo generadomainsareconsideredn our approach:

e Original space with a limited degreeof sacrificingthe accurayg, one practicalapproachs to parti-
tion/sgmenttheimagesinto smallerblocks,andthenselecta subsebf representate blocks,which
canbeusedasthekeyblocksto representheimages.

e Featue space anothepracticalapproachs to extractlow-level featurevectors suchascolor, texture,
and shape from image seggments/blocksandthen selecta subsetof representate featurevectors,
which canbe usedasthe keyblocksto representheimages.

We designvariousclusteringapproacheso generatekeyblocksfrom eitherthe original imagespaceor
the featurespace.The keyblocksareselectedrom the centroidsof the clustersof eitherthe original space
or featurespace FundamentallyletC = {cy, ..., G, ...,cn } bethe“codebook”of the keyblocksrepresenting
theimageswhereN is thecodebooksizeandc;, 1 <i < N, arethekeyblocks.Let F beamapping:

F: Rk —C= {C]_,...,Ci,...,CN | G € Rk},

whereRK is theEuclidearspaceof dimensiork. Givenasequencd = {te, by, 0t [ € R<}, themapping
F givesriseto apartitionof T whichconsistof N cellsP = {pa, ..., pi, ..., Pn}, Wherep = {t [t e T,F(t) =
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Figure2: 3-Stage®f the knowledge-basetteyblock generation.

¢ }. For a givendistortionfunctiond(tj,ci), which is the distancebetweerthe inputt; andoutputcodec;
(For example theEuclideardistancewhichis alsocalledthesquareerror),anoptimalmappingmustsatisfy
thefollowing conditions:

¢ NeaestNeighborCondition: Foreachp;, if t € p;, thend(t,c) < d(t,c;), forall j #1i.
e Centioid Condition: For agivenpartitionP, the optimal codevectorssatisfy

zte pi t

,1<i <N,k isthecardinality of p;.

Thereare a variety of clusteringalgorithmsavailable which canbe appliedto differenttypesof 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 popularly usedalgorithms
areGeneanlizedLloyd Algorithm (GLA) [3] andPairwise NearestNeighborAlgorithm (PNNA). We usean
integratedapproaclhof the two algorithmsto efficiently generateéhe codebookof keyblocks. Furthermore,
wealsoincorporateheGIS domainknowledgeinto thekeyblock generatioprocessTo generateodebooks
which reflectsthe semanticcontentof the geographicfeatures,we adopta 3-stagekeyblock generation
stratgy whichis illustratedin Figure2.

At stagel, for eachgeographicfeature (For example, for geographicimage databaseGEO usedin
our testing,therearefive geographideatures:water agricultureareasforest,grasslands,andresidential
areas.)acorrespondingodeboolwill first begeneratedFor eachgeographideature domainexpertsonly
needto provide sometraining images thenthe clusteringalgorithmmentionedabove is usedto selectthe
keyblocks. At stagell, codebookgeneratedn thestage will bememgedto abig codebook This codebook
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Figure3: A raw imageandthe encodedmagesafterre-constructiorwith differentcodebooksEachcode-
bookis obtainedwith the sametraining set.

haskeyblocksof differentsemantianeaningandcanbe usedin imagecodinganddecoding.At stagelll, a
fine tuning processtermediearningvectorquantizationLVQ)-basedapproachwill beused.

In our experiments,to generatekeyblocks, 405 remote-sensingmagesare randomly selectedas the
training setfrom our GIS testbed.Threeblock sizes,2 2,4 4,and8 8, areused. Intuitively, blocks
with differentsizesmay capturenformationwith differentgranularity Usually smallerblocksexploit local
informationof theimagecontent suchasedgesandregionswith high spatialfrequeng. Largerblocksmay
provide correlationamongneighboringsub-blocksaswell asanoverview of the globalvariation.

For eachblock size, experimentshave beenperformedto generatecodebookf threedifferentsizes
256,512,and1024. In theimplementationthe distortion,which is the objective functionfor optimization
whengeneratinga codebookjs the squareerrorcommonlyusedfor imagecompressionThe squareerror
is the Euclideandistancebetweenthe vectorsof the intensity valuesof an original block andthat of the
correspondindkeyblock. In short,thetestingis conductedvith 9 (3 block sizes 3 codeboolksizes)code-
books.After the codebookaregeneratedall imagesn thedatabasarethenencodedcorrespondinglyAs
anexample,Figure3 shavs animageandits reconstructedimageswith differentcodebooks.

To encodeanimagebasedn the codebooktheimageis partitionedor sgmentednto blocksandthen
eachblock (or its featurevector)is replacedby the index of the nearesentryin the codebook.Now each
imageis anmatrix of indicesof thekeyblocks. We canre-constructheimageusingthecodebooko measure
if the codebooks properlyselected.To reconstructheimage,eachindex is replacedoy the codevectorin
thecodebookwvhichis actuallyalookuptable.Obviously, thereconstructeimageis only anapproximation
of theoriginal one.Figure4 illustratesthe generalprocedurdor imageencodinganddecoding.

4 Keyblock-Based I mage Feature Representation and Retrieval

Imagefeaturerepresentatiomodelssimilar to text-basedretrieval modelscanbe designedn this context.
We have designedrariousmodelssuitablefor geographiegmages:



Figure4: Thegeneralprocedureof imageencodinganddecoding.

e Modelsbasedon singlekeyblodks the featuresarecalculatedbasedon the appearancef individual
keyblocks (termeduni-block models).In particular we have designedooleanModel (BM), Vector
Model (VM), andHistogramModel (HM).

¢ Modelsbasedon multiple keyblodks the featuresare calculatedbasedon the correlationsbetween
keyblocksin images.Our purposds to extractfeaturevectorswhich not only includethe occurrence
information of blocks but also carry context information of the neighboringblocks. We call such
modelsn-block model,wheren is the numberof blocks considered.Particularly interestednodels
arebi-block andtri-block models.

e Modelsbasedoncombinedeatues Theabore modelscapturedifferentimagecontentundervarious
contets. For example,the uni-block modelonly considerssingle keyblock’s occurrencewhile the
bi-block andtri-block modelsconsidemultiple keyblocks’ co-occurrencelt is reasonabléo combine
themto improve theretrieval performance.

We have conducteccomprehensk experimentdo demonstrat¢he effectivenesf thesemodels.In the
GIS domain,usersaremoreinterestedn “subimagematch”: givena smallimagepatternwhich represents
kinds of geographideaturessuchasforestandwater find imageshaving similar geographideaturesand
mark out thoseareas. It is relatively similar to objectrecognition. We comparedhesemodelswith the
popularlyusedwavelet-basedanodels.

For wavelettransformsfirst, we useNonaTree[11] to decomposeachimageto subimagesecursvely
until acertainsubimagesize(in this experimentjt is 32 32.) is reachedThen,basedn thesesubimages
aswell asthoseoriginalimagesdifferenttypesof wavelettransformsuchasgabor haaranddaubechieare
appliedto extracttexture featuref imagesat differentscales/resolutionsom fine to coarse Similarly, for
codebook-basefttatureextractionandretrieval, we first useNonaTreeto decomposeachencodedmage,
thenconductmodelssuchasthe uni-block model,bi-block model,tri-block modelandfeaturecombination
modelrespecitely onthe subimagdevel.



Figure5: Exampleof retrieval resultson anagricultureimagein GEO.

Thereare33 queryimageswhich aresubimage®f 32 32 choserfrom theimagesin the databaséy
GIS expertsfrom NCGIA at Buffalo. Thesequeryimagesaredividedinto 5 cateyories: agriculture grass,
forest,residentialarea,andwater Their featurevectoraregenerateatorrespondingly For eachquery the
averageprecisioncorrespondingo thetop 1, 2, ..., up to 40 retrieved imagesare calculated.Finally, the
averageprecisionis calculatedbver all queries.

Figure5 shavs theretrieval resultsof anagricultureimage.The queryimageis atthe upperleft corner
Thereturnedimagesaswell asthe marked areasof our approachs apparentlybetterthanthoseof gabor
wavelet. Figure 6 indicatethatthe performanceof our approachoutperformthe wavelet transforms. For
example,in the caseof FeatureCombinationModel, the averageprecisionis always 20% to 30% higher
thanwavelettransforms.

Performance of the Keyblock Approach vs. wavelet Transforms on GEO

1 T T T

T T T
-7 Feature Combination Model (2x2, 256)
—+- Feature Combination Model (2x2, 256, without LVQ)
—¥— Gabor Wavelet
0.9~ —A- Haar Wavelet n

- - Daubchies Wavelet

0.8

°
3

Average Precision
o
>

o
o

0.4

0.3

0.2 I I I I I I I
0 5 10 15 20 25 30 35 40

Top N Retrieved Images

Figure6: Averageprecision:comparisorof codebookapproachwith Wavelet Transforms.
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Conclusion

A newn approachfor content-basedieographidmageretrieval is proposedby exploiting analogousgext-
basedR techniques.The proposedapproachprovidesmethodsor extractingimagefeatureswhich is not
in favor of ary particularlow-level featuresuchascolor or texture. Instead,the featuresextractedfor an
imageis a comprehense descriptionof the contentof theimagewhich is moresemantics-relatethanthe
existinglower-level features We have conductedubstantiaéxperimentgo demonstratéhe effectivenesof
theproposedpproachResultshave demonstratethatour approachis superiomotonly to color histogram
andcolor coherentvectorapproachewvhich arein favor of color featuresput alsoto HaarandDaubechies
wavelettexture approachesvhich have beencommonlyusedfor texture-basedjeographiémageretrieval.
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