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1 Context

Digital librarieshandlelarge amountsof information. They offer accessto collectionsof documentsrepre-
sentedin electronicformat.Accordingto BruceSchatz[Sch97]:

A digital library enablesusersto interacteffectively with informationdistributedacrossa net-
work. Thesenetwork informationsystemssupportsearchanddisplayof itemsfrom organized
collections.

An increasingnumberof usersdiscoversonline informationretrieval andinteractive searches.Oncecom-
fortablewith the new tools, they demandnew materialsto be available in digital libraries. This requires
obtainingdigital representationsof documents.Sincetheprocessis gettingcheaperandfaster, extendinga
digital library is notdifficult.

Obviously, this increasein theamountof informationhasastrongimpacton thesupportingsoftware.Con-
siderfor examplethecaseof searching—text retrieval. This is a simplebut basicoperationfor any digital
library. Several differentalgorithmsareavailablefor traditionaltext retrieval [FO95]. However, they are
not alwaysapplicablein thecontext of digital libraries.For example,full text scanning,regularexpression
searchingandsignaturefileshavebadresponsetimesfor largeamountsof information.Inversionis scalable
but hasa largestorageoverhead(up to 300%),andindex updatesareexpensive.

Largevolumesof dataarenot theonly challengingcharacteristictypical to digital libraries.Unlike conven-
tional databasesystems,digital library usersusuallyperformsimilarity searches(i.e.,approximate)instead
of exactsearches.A typical queryfor a databaseusermaybe“what is thetitle of thebookwith theISBN
0201633612.” In contrast,in adigital library system,ausercanask“list in decreasingorderof similarity all
booksthatareon thesamesubjectastheonewith ISBN 0201633612.” (Databasesystemscanalsoanswer
suchqueriesprovidedthatanappropriateindex structurehasbeencreatedin advance.)Thiscorrespondsto
a queryby example.Conventionaldatabasesystemscanhandlesomeapproximatesearches,but they were
notdesignedfor thispurpose.

Theemergenceof multimediacontentwithin electronicpublicationsraisesanotherissue.Onecanprovide
asa querya digital imageandaskfor all electronicdocumentsthat containsimilar pictures. In this case,
the challengeis “understanding”the contentsof the image. Digital images(and any other multimedia
datafor thatmatter)correspondto complex information. Althoughcomputersaregoodat representingand
manipulatingdigital representationsof this typeof information,decodingtheir contentsis still a research�
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issue.Oneworkaroundfor this problemis to have a personannotateeachimagewith a setof keywords.
However, dueto its inherentlimitations,this is only a temporaryBand-Aid.

2 Problem

Largeamountsof information,similarity searchandcomplex dataaretypical requirementsfor information
retrieval applications.How doessoftwarehandletheserequirementsin asuitableway?

3 Forces

� Systemslike digital librarieshandlelargeamountsof information;

� Similarity searchingis usefulin many domains;

� Multimediadatabaseshandlecomplex information;

� Informationretrieval systemsrequiresmallspaceoverheadbut alsolow computationaloverheadfor
queriesandinsertions;

� Fastresponsetime is important;

� Designingfeatureextractionfunctionsandscalablemultidimensionalindexing methodsis hard.

4 Solution

Computean alternative, simplerrepresentationof data. The representationcontainsonly the information
that is relevant for theproblemat hand.This computationis actuallya function. It mapsfrom theproblem
spaceinto a featurespace.For this reasonit is alsocalled“featureextractionfunction.”

A typical featureextractionfunction for text documentsis automaticindexing. The function mapseach
documentinto a point in the k-dimensionalkeyword (or feature)space—k is the numberof keywords.
Automaticindexing consistsof the following steps[FO95]. First, it removescommonwordslike “and,”
“at,” “the.” Next, it reducestheremainingwordsto theirstem.For instance,it reducesboth“computer”and
“computation”to “comput.” Thena dictionaryof synonyms helpsto assigneachword-stemto a concept
class.(Thesethreestepsarealsoknown aspreprocessing.Preprocessingextractsconceptsfrom contents.)
Finally, the methodbuilds the vector in keyword space.Eachvectorelementgivesthe coordinatein one
of thek dimensionsandcorrespondsto a conceptclass.Two optionsfor computingthecoordinatesin the
featurespacearethefollowing:

� Binarydocumentvectorsuseonly two valuesto indicatethepresenceor absenceof a term.

� Vectorsbasedonweightingfunctionsusevaluescorrespondingto termfrequency, “specificity,” etc.

Figure1 illustrateshow documentindexing mapsfrom documentspaceto 3-dimensionalfeaturespace.A
multi-dimensionalindex structurestoresthefeaturespacerepresentation.
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Figure1: Mappingadocumentinto a3-dimensionalfeaturespace.

Typically, featureextraction mapsfrom a larger problemspaceinto a smaller featurespace. Consider
thepreviousexampleof documentindexing. In documentspace,onedocumentcontainsa largenumberof
words.Searchingacollectionof documentsrequiresmany stringmatchingoperations.However, in keyword
space,documentscorrespondto multi-dimensionalvectors.With this pattern,searchingfor documentsthat
containa givensetof keywordsinvolvescomputingsomelinearexpressions—seenext paragraph.This is
muchfasterthanstringmatching.Therefore,featureextraction(i) enablesscalablesolutionsfor problems
thatdealwith largeamountsof information.

In the featurespace,similarity searching correspondsto operationson (suitablynormalized)vectors. A
popularchoicefor similarity measureis thecosinefunction.For example,in the3-dimensionalspacefrom
Figure2, 'b is more similar to 'a than 'c, i.e., the point ( bx ) by ) bz * is closerto ( ax ) ay ) az * than ( cx ) cy ) cz * .
Consequently, cosα + cosβ, sinceα , β.
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Figure2: Cosinefunctionandvectorsimilarity.

In this case,the cosinevalue is easily computedfrom the inner product—see“ImplementationNotes”
(Section5). Consequently, matchinga query in the featurespacecan be representedby linear expres-
sions[Kan94]. Moreover, theanswersto a querycanberanked in orderof similarity. Queriesreturnonly
theanswersthatareabove a giventhreshold.Therefore,featureextraction(ii) providesa naturalandlow-
overheadsolutionfor similarity search.
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However, usingfeatureextractionfor similarity searchhasits own limitations.Any dataitemsaresimilaras
longastheir representationin thefeaturespacearesimilar. But this is notnecessarilyhow humansperceive
things.Two reasonsfor this arethefollowing:

1. Theproblemspacemaybeambiguous.Text is a notoriousexample.Humanshandlethisproblemby
usingthesurroundingtext to establishacontext.

2. Thefeatureextractionfunctionis non-injective. Distinctpointsfrom problemspacecanmapinto the
samepoint in featurespace.Moreon this issuelater.

Domainmappingsarea widespreadtechniquein mathematics.Usually they mapfrom a complex domain
into a simplerone—here,complexity refersto theoperationswithin thedomain.A well-known exampleis
theoperationalmethodfor thesolutionof differentialequations[BS97]. Themethodconsistsin goingfrom
a differentialequation,by meansof anintegral transformation,to a transformedequation.Thetransformed
equationis easierto solve thanits differentialcounterpart.Two possibleintegral transformationsarethe
Laplacetransformandthez transform.

In a softwarecontext, mappingfrom problemspaceinto featurespacealsoenablescomputersto manipu-
latecomplex information.Digital imagesareoneexample.Currentimagedatabasesemploy this patternto
obtainsimplifiedrepresentationsfor images.Unlike thetypicaldomainmappingsfrom mathematics,these
simplified representationsloseinformation. They consideronly a subsetof the imagefeatures.Common
featuresfor imagesarecolor histograms,textures,shapesor a combinationof these. Therefore,feature
extraction(iii) enablessoftwaresystemsto processdifferenttypesof complex informationwithout “under-
standing”thecontents.

Whenit mapsfrom a largeproblemspace,featureextractionconsidersonly a few “significant” featuresin
the featurespace,discardingthe rest. This truncationyields a non-injective mapping. For example,two
documentscanmapinto thesamepoint in keyword space.However, this doesnot meanthey areidentical.
Sincethefunctionis notinjective,thereis noinversemapping.Severalpointsin problemspacecanmapinto
a singlepoint in thefeaturespace.This propertyaffectsall applicationsthatemploy this patternto provide
answersto queries.The solutionis to adda post-processingstepthat filters out the “f alsealarms.” Since
thetypicalnumberof falsealarmsis small,thepost-processingstepusuallyperformsasequentialsearchto
eliminatethem.

Besidespost-processing,thispatternrequiressomeotheradditionalprocessing:

1. Featureextraction works with the featuresof the working set of items (documents,images,etc.).
Whenever a new item is added,the systemcomputesits features(i.e., coordinatesin the feature
space).Therefore,eachinsertionneedsthisextrastep.

2. Anotheroperationthat changesis queryprocessing. The fundamentalideaof featureextractionis
to performall computationsin a smaller, simplerspace.Processingthentakesplacein this space.
Consequently, answeringaqueryrequiresits representationin thefeaturespaceaswell.

Tosummarize,featureextractioncomplicatesinsertion andquery operationssinceit requirestwoadditional
blocks—Figure3.

Informationretrieval (IR) is oneof thedomainsthatemploysfeatureextractionextensively. IR hasexpanded
into fieldssuchasoffice automation,genomedatabases,fingerprintidentification,medicalimagemanage-
ment,datamining andmultimedia[Kan94]. In many of theseapplicationstheobjective is to minimizere-
sponsetimesfor differentsortsof queries.Performancedependson how fastthesystemperformssearches
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Figure3: Insertionandqueryprocessingwithoutandwith featureextraction.

in the multidimensionalfeaturespace. Therefore,the choiceof a multidimensionalindexing methodis
critical. However, this is not easy. Goodunidimensionalindexing methodsscaleexponentiallyfor high
dimensionalities,eventuallyreducingto sequentialscanning[AFS93]. Consequently, they applyonly when
asmallnumberof dimensionsis sufficient to differentiatebetweendataitems.Onesolutionis to useR-tree
variants,whichareusablefor a largernumberof dimensions.

Thehardpartaboutthispatternis obtainingasuitablefeatureextractionfunction.Obviously, this is domain
andproblemdependent.Oneof theimportantrequirementsfor thedomainsthatemploy featureextractionis
correctness.A queryshouldreturnall thequalifying information,withoutany “misses.” The“f alsealarms”
dueto thenon-injective mappingarenot a problem:post-processing(Figure3) removesthem.However, a
formal proof is requiredto demonstratecorrectness.Alternatively, a domain-specificalgorithmmayauto-
maticallyconstructacorrectfeature-extractionfunctionfor agivenproblem.For example,[FL95] describes
suchanalgorithmfor indexing, data-miningandvisualizationof traditionalandmultimediadatasets.

TheDiscreteFourierTransform(DFT) is anexampleof a featureextractionfunction.This functionis suit-
ablefor pink noise“signals,” whoseenergy spectrumfollows O ( f � 1 * . A wide rangeof data(e.g.,stock
prices,musicalscores,etc.) fits this description.Consequently, DFT is usablein many differentdomains.
This transformhasbeensuccessfullyusedfor similarity search[AFS93]. Its propertiesguaranteethecom-
pletenessof featureextraction—i.e.,correctness.SinceDFT is orthonormal(i.e., distance-preserving), the
distancebetweentwo dataitemsin problemspaceis thesameasthedistancebetweentheir corresponding
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pointsin thefeaturespace.Therefore,DFT is applicablewith any similarity measurethatcanbeexpressed
astheEuclideandistancebetweenfeaturevectorsin somefeaturespace.

After finding a featureextraction function, the secondpart of this patternis decidingwhich featuresto
considerfurther. As statedbefore,not all featuresareused.For example,systemsthatuseDFT keeponly
a few low-frequency coefficients.This “lossy” partof thepatternensuresthatfeaturespaceis smallerthan
problemspace.Decidingon thenumberof featuresinvolvesa tradeoff betweenaccuracy andspeed.At one
extreme,thesystemis “lossless”andkeepsall features.This ensuresno falsealarms.However, searching
a large(feature)spaceis whatthepatternis trying to avoid. At theotherextreme,only onefeatureis used.
In thiscase,thedegeneratesearchin thefeaturespaceis fast—itsimplyreturnseverything.Post-processing
takesa long time though,sinceit filters all dataitems. Therefore,the numberof featuresdeterminesthe
balancebetweenthesearchingtime in thefeaturespaceandthepost-processingtime.

Thethird partof thispatternis choosingasuitablemultidimensionalindexing method.Thechoicedepends
on the numberof features—dimensionsof the featurespace. Many methodsare available for indexing
low dimensionalitydomains—forexample,hashtablesor B-treevariants. However, asthe numberof di-
mensionsgrows, they degenerateinto sequentialscanning.R-treevariants(e.g.,R*-trees[BKSS90] and
SS-trees[WJ96]) offer goodperformancefor a largernumberof dimensions.

To summarize,thefeatureextractionpatternhasthefollowing benefits(✔) andliabilities (✘):

✔ It canmanagelargeamountsof data.Comparedto sequentialscanning,applicationsusingthispattern
obtainanincreasinglybetterperformanceasthevolumeof dataincreases[AFS93].

✔ Similarity searchingcorrespondsto vectoroperationsin featurespace.Thesehave low computational
overheadandranktheresults.

✔ Softwarecanmanipulatecomplex informationwithouthaving to decodeits semantics.This is key for
implementingmultimediadatabases.

✔ Userscaneasilyrefinequeries.Onceresultsareavailable,they markonly theonesthatarerelevant.
Thesystemadjuststheoriginal queryandperformsa new search.Providedthat theuser’s feedback
is consistent,suchqueriesconverge in a few iterations. This modeof operationis alsoknown as
“relevancefeedback”[SB88]. In the featurespace,relevancefeedbackandconsistsof addingthe
selectedvectorsto thequeryvector.

✘ Efficientsearchin thefeaturespacerequiresmultidimensionalindexing methods.Not all goodindex-
ing methodsscalewell with thenumberof dimensions.Obtaininganefficient andscalablemultidi-
mensionalindex structureis noteasy.

✘ Insertingnew itemsandansweringqueriesrequireadditionalprocessing.Thearchitecthasto deter-
minetheright balancebetweenthenumberof featuresandthepost-processingtime.

5 Implementation Notes

A possibleimplementationsolution is to group all the featureextractioncodeinto a Manager [Som97]
object. Threepropertiesof the managerpatternmake it an excellentcandidatefor encapsulatingfeature
extraction. First, the managerhasaccessto all subjectinstances.Consequently, it is an ideal placeto
implementpost-processing.Second,within agivendomain,its functionalityis independentfrom thesubject
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classes.Thus,developerscanchangetheimplementationof thesubjectclasswithoutaffectingthemanager.
Finally, otherapplicationsthatneedfeatureextractioncanreusethemanager’s code.

Therefore,themanagerobjectencapsulatesfeatureextractionandindexing. This providesa flexible solu-
tion. For example,you canbegin without a fancy multidimensionalindex andconcentrateon gettingthe
featureextractionfunction right. Onceyou aresatisfiedwith this part, you canexperimentwith different
indexing algorithms,persistencemechanisms,etc. All thesechangesare transparentfor the restof your
application.

ThefeatureextractionmanageractsasaFactory [GHJV95]for subjectobjects.It is responsiblefor thelife-
cycleof its subjects.Clientsfirst usethemanagerto bringnew subjectsinto thesystem.After “population,”
otherclientsemploy themanager’s servicesto obtainsubjectobjectsin responseto queries.Whena client
doesnotneedtheanswersfor aqueryany longer, it asksthemanagerto destroy thecorrespondingsubjects.

As explainedin “Solution” (seeSection4), queriesthatrely on featureextractionreturna variablenumber
of answers,rankedin theorderof similarity. Therefore,themanagerneedsanorderedcollectionto storeits
subjects.Sinceit hasaccessto all subjectsin thiscollection,anotherusefulserviceis iterationin increasing
or decreasingorderof similarity. Themanagercanprovide this functionalityto its clientsby implementing
the Iterator [GHJV95]pattern.

Figure4 shows how aclientaddsanew subjectto theinformationretrieval system:

� TheClient sendsthe insert messageto theManager with theSubject objectastheargument.

� TheManager objectrespondsby sendingthe irMapSubject messageto itself. This returnsa vector
thatrepresentsthesubject objectin thefeaturespace.

� Finally, the Manager sendsthe dbInsert message.This updatesthe index (if any) and addsthe
Subject objectandits featurevectorto theappropriatedatastores.

Manager

� � ���Y��������� ���D�

Client

�Y��� �����Y� �

Subject

� ���D�Y� �

Figure4: Insertsequencediagram.

Figure5 providesanexamplefor aqueryoperation:

� A Client sendsthesearch messageto theManager andpassesaqueryastheargument.

� TheManager respondsby sendingthe irMapQuery messageto itself. Thismapsthequerydocument
into thefeaturespaceandreturnsits correspondingvector.
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� Next theManager sendsthedbSearch message.This messageinvolvesa similarity functionto per-
form thesearchin the featurespace.For example,thecosinefunctioncanbeusedto determinethe
similarity betweentwo vectors.This is easilycomputedfrom theinnerproductof thetwo vectors—
seealsoFigure2:

cosα � 'a ��'b  'a  I  'b   )
where

  'a   and
  'b   arethevectornorms.In Cartesiancoordinatesthiscorrespondsto alinearexpression,

since

'a � 'b � axbx ¡ ayby ¡ azbz

� Oncetheanswersareavailable,the irFilter messageimplementspost-processinganddiscardsall
falsealarms.For thesequencediagramillustratedin Figure5, irFilter leaves3 matches.

� TheManager createsthecorrespondingSubject objects.

� TheClient iteratesthroughthesesubjectsby sendingthenext messageto theManager . This mes-
sagereturnsoneSubject objectfor eachinvocation.

� TheClient sendsthedispose messageto theManager whenever it doesnot needthesubjectsany
longer.

� Finally, theManager retireseachSubject by sendingit thedispose message.

Manager

¢�£�¤Y¥ ¦
§
Client

¨�£�©

Subject3Subject1 Subject2

¨�£�©¨�£�©¨�£�ª�«

¬ ¥ ­�¤Y®°¯!±�£Y¥ ²³Y´�µ £�¤�¥ ¦
§¬ ¥ ¶ ¬ · « £Y¥

³Y¬ ¢
®�¸�¢�£
³Y¬ ¢
®�¸�¢�£
³Y¬ ¢
®�¸�¢�£³Y¬ ¢
®�¸�¢�£

Figure5: Querysequencediagram.
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In Figures4 and5, all messagesthatimplementfeatureextractionareprefixedwith ir . Similarly, messages
thatinvolve databaseoperationsareprefixedwith db. All theseoperationsarelocalizedwithin theManager
object. You canstartwith a traditionaldatabaseimplementation(only dbInsert anddbSearch ) andadd
featureextractionlater, e.g.,whenthesizeof thedatabasestartsto causescalabilityproblems.Thisaddition
will requirethefollowing changes:

1. Add the irMapQuery , irFilter (Figure5) andirMapSubject (Figure4) messages.

2. Modify dbSearch (Figure5) to usethesimilarity function. For example,in SQL this translatesinto
replacingtheWHEREclausewith acall to a storedprocedurethatcomputesthecosinevalue.

“RelatedPatterns”(seeSection7) lists otherwell-known patternsthatmaybe usefulwhenimplementing
featureextraction.

A Scenario

It is time to show how thesepiecesfit togetherwith a simplescenario.Sincedigital librariesor multimedia
databasesmayseemexotic, thisscenarioconsidersamorefamiliardomain.

Professionalrecruitersassistcompaniesto find matchesfor their openings.A company looking for new
employeesprovidestherecruitera “wish-list.” Thelist containssomequalificationsthecompany is looking
for, but it is not exhaustive. Thentherecruiterusesthelist to queryherdatabase.Thisqueryreturnsall the
peoplewithin thedatabasethatsatisfythesearchcriteria.Sincethis typeof applicationrequiresasimilarity
search,it is agoodcandidatefor featureextraction.

To usefeatureextraction,therecruiterbeginsby studyingseveralwish-liststo getanideaaboutwhatcom-
paniesarelooking for. Shehasto decidewhatfeaturesto use.For this example,let’s assumethatthey are
knowledgeof 3 programminglanguages(C, SmalltalkandJava) anda modelinglanguage(UML). There-
fore, thefeaturespacehasfour dimensions.Every resuḿe will correspondto apoint in thisspace.

In Figures4 and5 thiscorrespondsto decidingthat:

➜ irMapSubject andirMapQuery mapinto a4-dimensionalspace;and

➜ dbInsert anddbSearch usea 4-dimensionalindexing algorithm.

In this case,extractingfeaturesis easy. Eachresuḿe is scannedandwhenany of thesefour languagesis
found,its correspondingcoordinateis setto 1. For example,if Joelists in his resuḿe Ada,C, Fortran,and
Smalltalk,thecorrespondingvectoris 'vJoe �¹( 1 ) 1 ) 0 ) 0* . TheinformationaboutAdaandFortranis lost.

Therefore,irMapSubject from Figure4 performsa full text searchfor thesefour keywords.
Onceit computesthe featurevector, dbInsert storesit in the databasealongwith its corre-
spondingresuḿe.

After all resuḿesaremappedinto thefeaturespace,therecruiteris readyto usethis system.Let’s assume
thata company hasanopeningfor someonewho knows Smalltalk(3+ yearsexperience),Java andUML.
In the featurespace,this querycorrespondsto the vector 'vquery �º( 0 ) 1 ) 1 ) 1* . Note that the experience
requirementdoesnothave a correspondingfeatureandthereforeis lost.
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Thesearch messagefromFigure5hasthesuppliedwishlist asaparameter. Next, irMapQuery
mapsthisqueryinto thefeaturespaceandobtains'vquery.

A searchcomputesthesimilarity betweenthequeryandall theothervectorsin thedatabase.Only theones
that areabove a given thresholdarereturned.Assumethat they are(in this order)Adamwith ( 1 ) 1 ) 1 ) 1* ,
Bob with ( 0 ) 1 ) 1 ) 1* , Clark with ( 0 ) 1 ) 1 ) 1* and Donnawith ( 0 ) 1 ) 1 ) 0* . Adam, Bob and Clark are exact
matchesfor thequeryvectorandwouldhavebeenfoundby a traditionaldatabasesystemaswell. However,
while Donna’s vectordoesnothave theUML component,thesimilarity functionis above thethresholdand
thereforesheis a match.In a traditionaldatabasesystem,this sortof matchingrequiresa complex boolean
expression. Featureextractionprovides a moreelegantsolution. Here,similarity matchingis essential,
sincethe “wish-list” is not carved in stone. For example,if Donnais proficientwith OMT andher other
credentialsarebetterthantheothers,shewill probablygetanoffer.

In Figure5, this correspondsto the dbSearch message.dbSearch computesthe similarity
betweenthequeryvectorandall theothervectorsstoredin thedatabase.

Post-processingcomparestheoriginal querywith theresuḿesof eachpotentialcandidateandreturnsonly
theonesthatmeettheexperiencerequirementaswell.

The irFilter messagefrom Figure5 implementspost-processing.In this case,it doesa full
text searchin the4 resuḿesreturnedby dbSearch anddiscardsBob’s resumesinceit doesnot
satisfytheexperiencerequirement.OnceirFilter completes,themanagercreatesaSubject
objectfor eachmatch.Clientssendthenext messageto iteratethroughtheseobjects.

Therefore,insteadof comparingall theresuḿeswith theoriginalquery, featureextractionmapsthisproblem
into a four-dimensionalspacewherethesolutionis simpler. This returnsall qualifying answersplusa few
falsealarms.Post-processingperformsa full text scanonlyon theseanswersanddiscardsthefalsealarms.

SampleCode

The following codefragmentsillustratehow an imageretrieval systememploys featureextraction. This
codehasbeenusedin a Smalltalkimplementationof theMARS1 system[ORC» 97].

TheaddImage methodaddsnew imagesin thesystem.It correspondsto thesituationillustratedin Figure4.
First theaddImage: methodcomputesall featuresof theimagein thenewImageFeatures variable.Next,
it updatesthe index imageRepresentatio nSet with the imageidentifier, its file nameandthecomputed
features.

ImageDatabase>>add Image: anImgFilename
| newImageId newImageFeatures newImageRepresenta tio n |

newImageFeatures := ImageFeatures extractFeaturesFromI mageFile : anImgFilename
withTextureNormalize r: textureNormalizer
withDfTable: dfTable.

newImageRepresenta tio n := ImageRepresentation representImageWithI d: newImageId
withFilename: anImgFilename
withFeatures: newImageFeatures.

imageRepresentatio nSet addLast: newImageRepresentat ion .

1A workingdemoof theMARS systemis availableon theWebat http://jadzia.ifp.uiuc.edu:8000/ .
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In thisapplication,featureextractionconsistsof colorhistogram,color layoutandtextureinformation.The
codefragmentthatdoesfeatureextractionfollows. Eachtypeof featureis extractedin oneof thevariables
colorHistogram , colorLayout andtexture .

ImageFeatures>>ext rac tF eat ure sFr omImageFile : aString
withTextureNormaliz er: aTextureNormalizer withDfTable: dfTable

| image |

image := ImageReadWriter createImageFromFil eNamed: aString.
colorHistogram := ColorHistogram extractFromImage: image histogram: 8 by: 4.
colorLayout := ColorLayout extractFromImage: image grid: 5 by: 5 histogram: 8 by:4.
texture := image extractTexture: aTextureNormalizer .

Extractionof theactualfeaturesis delegatedto theImage class.Thefollowing codeshows theimplementa-
tion for thecolorhistograms.This typeof processingis domain-dependent.

Image>>colorHistog ram: aNumber1 by: aNumber2
"returns aNumber1 by aNumber2 color histogram flattened as an array,
saturation being more significant and hue being less significant"
| length area colorhist quantizedhue quantizedsat histindex |
length := aNumber1 * aNumber2.
area := width * height.
colorhist := Array new: length withAll: 0.
self pixelsDo: [:x :y |

quantizedhue := self quantizedHueAtPoin t: x @ y levels: aNumber1.
quantizedsat := self quantizedSaturatio nAtPo int : x @ y levels: aNumber2.
histindex := (quantizedsat - 1) * aNumber1 + quantizedhue.
colorhist increment: histindex.].

ˆ(colorhist collect: [:each | (each / area) asFloat])

Findinganswersfor aqueryinvolvesmappingthequeryin featurespace,findingall thematchesandfiltering
out the falsealarms—seeFigure5. The following codefragmentperformsthesearchin the featurespace
usinga distancefunctionspecificto imageprocessing.currBatch is anorderedcollectionthatholdsthe
matches.

ImageDatabase>>sea rch ForFe atu res : anImageFeatures withWeights: aWeightArray
| index currBatch |
anImageFeatures start.
searchResult initialize.
currBatch := OrderedCollection new.
imageRepresentatio nSet do: [:each |

searchResult addSearchObject:
(each distance: anImageFeatures withWeights: aWeightArray)].

index := 1.
[index <= ((searchResult size) min: 8)]

whileTrue:
[currBatch add: (searchResult at: index).

index := index + 1.].
ˆcurrBatch
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6 Examples

Featureextractionis not new. Oneof thepioneersof this patternwasGeraldSalton.He employedit in the
SMART system[Sal69] atCornell,a long timebeforetheterm“digital library” wascoined.

Sinceall of theinformationcurrentlyproducedis availablein electronicformat,many applicationdomains
usefeatureextraction. Theseincludetelecommunications,multimedia,medicine,business,etc. However,
despiteits widespreaduse,few studiesdocumentfeatureextractionperse. Severaldocumentedexamples
from differentdomainsfollow.

1. The authorsof [KJF97] usefeatureextraction to performad-hocquerieson large datasetsof time
sequences.Thedataconsistsof customercallingpatternsfrom AT&T andis in theorderof hundreds
of gigabytes.Calling patternsarestoredin a matrix whereeachelementhasa numericvalue. The
rows correspondto customers(in theorderof hundredsof thousands)andthecolumnscorrespondto
days(in theorderof hundreds).

In thiscase,theproblemis thecompressionof amatrixwhichconsistsof timesequences,while main-
taining“randomaccess.” Genericcompressionalgorithms(e.g.,Lempel-Ziv-Huffman,etc.) achieve
goodcompressionratios.However, queriesdo not work on compresseddataandrequiredecompres-
sion.This is notviablefor theamountsof datacorrespondingto callingpatterns.

Featureextractionavoids theneedfor decompression.Thefunctionfor featureextractionis singular
valuedecomposition(SVD). This truncatestheoriginalmatrixby keepingonly theprincipalcompo-
nentsof eachrow andachievesa 40:1compressionratio. Therefore,SVD mapsthe large customer
calling patternmatrix into a smallermatrix in thefeaturespace.Thecompressedformat is lossybut
supportsquerieson specificcells of the datamatrix, aswell asaggregatequeries. For example,a
queryonaspecificcell is “What wastheamountof salesto ACME, Inc. onAugust16th,1997?”The
methodyieldsanaverageof lessthan5%errorin any datavalue.

2. Largeamountsof dataarealsotypical in thefinancialdomain.Featureextractionprovidesa fastway
for searchingstockprices[FRM94] andis usefulfor any othertime-seriesdatabases(e.g.,weather,
geological,environmental,astrophysicsor DNA data).

The problemhereis finding a fastmethodfor locatingsubsequencesin time-seriesdatabases.The
systemneedsto answerquerieslike “Find companiesthat have similar salespatternswith ACME,
Inc.” Sequentialscanningis not viablefor several reasons.First, it doesnot scalefor largeamounts
of data.Second,it hasa largespaceoverheadsinceeachsearchrequirestheavailability of theentire
timesequence.

Featureextractionprovidesa fastanddynamicsolution. In this case,thefeatureextractionfunction
is a n-point DiscreteFourier Transform(DFT). This mapseachtime-seriesinto a tracein a multi-
dimensionalfeaturespace.Sincethemethodconsidersonly afew low-frequency coefficients,queries
returna supersetof the actualresults. However, post-processingeliminatesall “f alsealarms.” The
spaceoverheadis small,andtheresponsetimesareordersof magnitudefasterthanasequentialscan.

3. Besideshandlinglarge amountsof data,featureextraction is alsoapplicablefor software systems
thatmanipulatecomplex information. Digital imagesarea typical example.Computersaregoodat
manipulatingthebasicimagecomponentslike luminanceandchrominance.However, decodingthe
semanticsof theinformationcontainedwithin animage(its contents)is still a researchissue.

PetrakisandFaloutsosusethis patternfor similarity searchingin imagedatabases[PF97].Theprob-
lemis to supportqueriesby imagecontentfor adatabaseof medicalimages.A typicalqueryis “Find
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all X-rays that aresimilar to Bob’s X-ray.” This problemhasthe following requirements.First, it
needsto beaccurate.Theresultsof a querymustreturnall qualifying images.Second,queryformu-
lationmustbeflexibleandconvenient.Theusershouldbeableto specifyqueriesby example,through
a GUI. Finally, responsetimesandscalabilityareimportant.Performancemustremainconsistently
betterthansequentialscanningasthesizeof thedatabasegrows.

The systemrepresentsimagecontentby attributedrelationalgraphsholding featuresof objectsand
relationshipsbetweenthem.This representationrelieson the(realistic)assumptionthata fixednum-
berof objectsarecommonin many images—e.g.,liver, lungs,heart,etc. All thesecommonobjects
are“labeled.” Themethodconsidersfive featuresfor eachlabeledobjectin theimage.Five features
aresufficient for medicalpurposes.However, themethodcanhandleany otheradditionalfeaturesthat
thedomainexpertmaywant to consider. This approachoutperformssequentialscanningandscales
well with thesizeof thedatabase.

4. Trademarkimagesareimportantelementsof a company’s industrialproperty. They identify thepro-
ducerof aproductorservice.Togainlegalprotection,trademarksymbolsmustbeformally registered.
Thepatentoffice hasto ensurethatall new trademarksaresufficiently distinctive to avoid confusion
with existingmarks.

Currently, manualassignmentof classificationcodesis the main methodof organizingtrademark
imagecollections.Themethodtypically employs theViennaclassificationsystem,developedby the
World IntellectualPropertyOrganization.Thetop level of thishierarchyhas28distinctcategories.

Trademarkimageretrieval hasseveral uniquecharacteristics.First, trademarkexaminerssearchfor
imagesbyprimitivefeatures,e.g.,shape.Second,trademarkregistriesholdlargecollectionsof images
in electronicformat. And finally, in thetrademarkfield, successfulretrieval criteriaarewell-defined.
Thesecharacteristicsmake trademarkimageretrieval an ideal candidatefor content-baseimagere-
trieval techniques.

TheArtisanproject(automaticretrieval of trademarkimagesby shapeanalysis)[EBG98] is intended
to replacetheTrademarkImageSystem(Trims),currentlyin useattheUK PatentOffice. Thissystem
needsto answeronly onetypeof query:givena candidatetrademark,is it sufficiently similar to any
existing mark to causeconfusion?After studyinghow trademarkexaminerswork, the researchers
concludedthat shapeis the most importantcharacteristic.Otherattributescan be neglected. For
example,color information is discarded,sincethe imagesare deliberatelyregisteredin back-and-
white. Consequently, Artisan worksonly with shapefeatures.Thesefeaturesareorganizedin two
vectors. The boundaryshapevector consistsof 4 features:aspectratio, circularity, transparency
andrelative area.Likewise,the family characteristicsvectorconsistsof 5 features:right-angleness,
sharpness,complexity, directednessandstraightness.However, the authorsarestill experimenting
with alternatives.

7 RelatedPatterns

� ThemanagercanreturnProxy [GHJV95] objectsfor subjects.This maybeusefulin circumstances
suchaswhensubjectshave largememoryfootprintsor areavailableon remotedatabases.

� Thepatternis independentof thefeatureextractionfunction.Domainexpertsselectany functionthat
is suitablefor someproblem,ensuringthat it producescorrectresults. Strategy [GHJV95] objects
canrepresentvariousfeatureextractionfunctions.This is usefulfor domainsthatconsidermultiple

13



featuresets.Oneexampleis imagedatabases,for which popularfeaturechoicesarepatterns,colors
andtextures.

� Digital library systemsarelikely to usefeatureextractionfor compounddocumentswhich contain
text and multimedia information. In this case,componentswill probablyuse the Extension Ob-
ject [Gam97] patternto provide interfacesfor information-retrieval operations.
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