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1 Context

Digital librarieshandlelarge amountf information They offer accesgo collectionsof documentsepre-
sentedn electronicformat. Accordingto BruceSchat4Sch97:

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

An increasinghumberof usersdiscoversonline informationretrieval andinteractve searchesOncecom-
fortable with the new tools, they demandnen materialsto be availablein digital libraries. This requires
obtainingdigital representationsf documentsSincethe processs gettingcheapeandfastey extendinga
digital library is notdifficult.

Obviously, thisincreasen theamountof informationhasa strongimpacton the supportingsoftware. Con-

siderfor examplethe caseof searching—tet retrieval. Thisis a simplebut basicoperationfor ary digital

library. Severaldifferentalgorithmsare availablefor traditionaltext retrieval [FO95]. However, they are
not alwaysapplicablein the context of digital libraries. For example,full text scanningregularexpression
searchingndsignaturdiles have badresponsé¢imesfor largeamountof information. Inversionis scalable
but hasa large storageoverheadup to 300%),andindex updatesareexpensve.

Largevolumesof dataarenotthe only challengingcharacteristitypical to digital libraries. Unlike corven-
tional databassystemsdigital library usersusuallyperformsimilarity seaches(i.e., approximatejnstead
of exactsearchesA typical queryfor a databas@isermay be “what is thetitle of the bookwith the ISBN
0201633612.In contrastjn adigital library systemausercanask‘list in decreasingrderof similarity all
booksthatareon the samesubjectasthe onewith ISBN 0201633612. (Databaseystemsanalsoanswer
suchqueriesprovidedthatanappropriaténdex structurehasbeencreatedn advance.)This correspondso
aqueryby example.Corventionaldatabasesystemsanhandlesomeapproximatesearchesyut they were
not designedor this purpose.

The emegenceof multimediacontentwithin electronicpublicationsraisesanotherissue.Onecanprovide
asa querya digital imageandaskfor all electronicdocumentghat containsimilar pictures. In this case,
the challengeis “understanding’the contentsof the image. Digital images(and ary other multimedia
datafor thatmatter)correspondo comple information Althoughcomputersaregoodat representingnd
manipulatingdigital representationef this type of information,decodingtheir contentsis still aresearch
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issue. Oneworkaroundfor this problemis to have a personannotatezsachimagewith a setof keywords.
However, dueto its inherentlimitations, thisis only atemporaryBand-Aid.

2 Problem

Large amountsof information,similarity searchrandcomplex dataaretypical requirements$or information
retrieval applicationsHow doessoftwarehandletheserequirementén a suitableway?

3 Forces

o Systemdike digital librarieshandlelarge amount<f information;
e Similarity searchings usefulin mary domains;
¢ Multimediadatabasebandlecomplec information;

¢ Informationretrieval systemgequiresmall spaceoverheadbut alsolow computationabverheador
gqueriesandinsertions;

e Fastrespons¢imeis important;

¢ Designingfeatureextractionfunctionsandscalablemultidimensionalndexing methodss hard.

4 Solution

Computean alternatve, simplerrepresentationf data. The representatiocontainsonly the information
thatis relevantfor the problemat hand. This computatioris actuallya function. It mapsfrom the problem
spaceinto a featurespace For this reasorit is alsocalled“featureextractionfunction”

A typical featureextraction function for text documentds automaticindexing. The function mapseach
documentinto a point in the k-dimensionalkeyword (or feature)space— is the numberof keywords.
Automaticindexing consistsof the following steps[FO95]. First, it remosescommonwordslike “and;
“at,” “the” Next, it reducegheremainingwordsto their stem.Forinstanceijt reducesoth“computer’and
“computation”to “comput’ Thena dictionaryof synoryms helpsto assigneachword-stemto a concept
class.(Thesethreestepsarealsoknovn aspreprocessingPreprocessingxtractsconceptfrom contents.)
Finally, the methodbuilds the vectorin keyword space.Eachvectorelementgivesthe coordinatein one
of thek dimensionsandcorresponds$o a conceptclass. Two optionsfor computingthe coordinatesn the
featurespacearethefollowing:

¢ Binarydocumentectorsuseonly two valuesto indicatethe presencer absencef aterm.

e Vectorsbasednweightingfunctionsusevaluescorrespondingo termfrequeny, “specificity” etc.

Figurel illustrateshow documenindexing mapsfrom documentspaceo 3-dimensionafeaturespace.A
multi-dimensionalndex structurestoreshefeaturespacerepresentation.
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Figurel: Mappinga documeninto a 3-dimensionafeaturespace.

Typically, featureextraction mapsfrom a larger problemspaceinto a smaller featurespace. Consider
the previous exampleof documenindexing. In documenspacepnedocumentontainsa large numberof

words.Searchingcollectionof documentsequiresmary stringmatchingoperationsHowever, in keyword

spacedocumentsorrespondo multi-dimensionalectors.With this pattern searchingor documentghat
containa given setof keywordsinvolves computingsomelinear expressions—seeext paragraphThis is

muchfasterthanstring matching. Therefore featureextraction(i) enablesscalablesolutionsfor problems
thatdealwith large amountf information.

In the featurespace similarity seaching correspond$o operationson (suitably normalized)vectors. A
popularchoicefor similarity measures the cosinefunction. For example,in the 3-dimensionaspacerom
Figure 2, b is more similar to & thang, i.e., the point (bx, by, b,) is closerto (ay,ay,8;) than(cy,¢y,C;).
Consequent|ycosa > cosB, sincea < f3.

Figure2: Cosinefunctionandvectorsimilarity.

In this case,the cosinevalue is easily computedfrom the inner product—see ImplementationNotes”
(Section5). Consequentlymatchinga queryin the featurespacecan be representedby linear expres-
sions[Kan94. Moreover, theanswerdo a querycanberankedin orderof similarity. Queriesreturnonly
theanswerghatareabove a giventhreshold.Therefore featureextraction(ii) providesa naturalandlow-
overheadsolutionfor similarity search.



However, usingfeatureextractionfor similarity searcthasits own limitations. Any dataitemsaresimilaras
long astheir representatiom thefeaturespacearesimilar. But thisis notnecessarilyqow humangerceve
things. Two reasondor this arethefollowing:

1. TheproblemspacanaybeambiguousText is a notoriousexample.Humanshandlethis problemby
usingthe surroundingext to establisha context.

2. Thefeatureextractionfunctionis non-injectve. Distinct pointsfrom problemspacecanmapinto the
samepointin featurespace More onthisissuelater

Domainmappingsarea widespreadechniquein mathematicsUsually they mapfrom a comple domain
into a simplerone—herecompleity refersto the operationswithin thedomain.A well-knovn exampleis
theoperationamethodfor the solutionof differentialequation§BS97]. The methodconsistdn goingfrom
adifferentialequationpy meansof anintegral transformationto a transformedequation.Thetransformed
eqguationis easierto solwe thanits differential counterpart. Two possibleintegral transformationsare the
Laplacetransformandthe z transform.

In a software context, mappingfrom problemspaceinto featurespacealsoenablescomputerso manipu-
late complex information. Digital imagesareoneexample.Currentimagedatabasesmplgy this patternto

obtainsimplifiedrepresentationfr images.Unlike the typical domainmappingfrom mathematicsthese
simplified representation®seinformation. They consideronly a subsetof the imagefeatures.Common
featuresfor imagesare color histogramstextures,shapesr a combinationof these. Therefore feature
extraction(iii) enablesoftwaresystemgo procesdlifferenttypesof complex informationwithout“under

standing’the contents.

Whenit mapsfrom a large problemspacefeatureextractionconsidersonly a few “significant” featuresn

the featurespace discardingthe rest. This truncationyields a non-injectve mapping. For example,two
documentganmapinto the samepointin keyword space However, this doesnot meanthey areidentical.
Sincethefunctionis notinjective, thereis noinversemapping.Severalpointsin problemspacecanmapinto
asinglepointin thefeaturespace.This propertyaffectsall applicationghatemploy this patternto provide
answerdo queries. The solutionis to add a post-processingtepthatfilters out the “falsealarms. Since
thetypical numberof falsealarmsis small,the post-processingtepusuallyperformsa sequentiakearcho

eliminatethem.

Besidegost-processinghis patternrequiressomeotheradditionalprocessing:

1. Featureextraction works with the featuresof the working set of items (documentsjmages,etc.).
Wheneer a new item is added,the systemcomputesits features(i.e., coordinatesn the feature
space).Therefore gachinsertionneedshis extra step.

2. Anotheroperationthat changess query processing The fundamentaldeaof featureextractionis
to performall computationsn a smaller simplerspace. Processinghentakesplacein this space.
Consequentlyansweringa queryrequirests representatioim the featurespaceaswell.

To summarizefeatureextractioncomplicatesnsertion andquery operationsinceit requireswo additional
blocks—Figures.

Informationretrieval (IR) is oneof thedomainghatemplg/sfeatureextractionextensiely. IR hasexpanded
into fields suchasoffice automationgenomedatabasedingerprintidentification,medicalimagemanage-
ment,datamining andmultimedia[Kan94. In mary of theseapplicationghe objectie is to minimizere-

sponsdimesfor differentsortsof queries.Performancelepend®n how fastthe systemperformssearches
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Figure3: Insertionandqueryprocessingvithoutandwith featureextraction.

in the multidimensionalfeaturespace. Therefore,the choice of a multidimensionalindexing methodis
critical. However, this is not easy Goodunidimensionaindexing methodsscaleexponentiallyfor high
dimensionalitieseventuallyreducingto sequentiascannindAFS93]. Consequentj\they applyonly when
asmallnumberof dimensiongs suficient to differentiatebetweerdataitems. Onesolutionis to useR-tree
variants which areusablefor alargernumberof dimensions.

Thehardpartaboutthis patternis obtaininga suitablefeatureextractionfunction. Obviously, thisis domain
andproblemdependentOneof theimportantrequirement$or thedomainghatemploy featureextractionis
correctnessA queryshouldreturnall the qualifyinginformation,withoutary “misses’ The“falsealarms”
dueto the non-injectve mappingarenot a problem: post-processin¢Figure3) removesthem. However, a
formal proof is requiredto demonstrateorrectnessAlternatively, a domain-specifi@algorithmmay auto-
maticallyconstructacorrectfeature-gtractionfunctionfor agivenproblem.For example [FL95] describes
suchanalgorithmfor indexing, data-miningandvisualizationof traditionalandmultimediadatasets.

The DiscreteFourier Transform(DFT) is anexampleof a featureextractionfunction. This functionis suit-
ablefor pink noise“signals; whoseenegy spectrunfollows O(f~1). A wide rangeof data(e.g.,stock
prices,musicalscoresgtc.) fits this description.ConsequentlyDFT is usablein mary differentdomains.
This transformhasbeensuccessfullyusedfor similarity searcHAFS93]. Its propertieguarante¢he com-
pletenes®f featureextraction—i.e.,correctnessSinceDFT is orthonormal(i.e., distance-preservingjhe
distancebetweernwo dataitemsin problemspaceds the sameasthe distancebetweertheir corresponding



pointsin the featurespace.Therefore DFT is applicablewith ary similarity measurehatcanbe expressed
asthe Euclideandistancebetweerfeaturevectorsin somefeaturespace.

After finding a featureextraction function, the secondpart of this patternis decidingwhich featuresto
considerfurther As statedbefore,not all featuresareused.For example,systemshatuseDFT keeponly
afew low-frequeng coeficients. This “lossy” partof the patternensureghatfeaturespacds smallerthan
problemspace Decidingon the numberof featuresnvolvesatradeof betweeraccurag andspeed At one
extreme,the systemis “lossless”andkeepsall features.This ensureso falsealarms.However, searching
alarge (feature)spaceds whatthe patternis trying to avoid. At the otherextreme,only onefeatureis used.
In this casethe degeneratesearchin thefeaturespaces fast—itsimply returnseverything.Post-processing
takesa long time though,sinceit filters all dataitems. Therefore the numberof featuresdetermineghe
balancebetweernthe searchingimein thefeaturespaceandthe post-processingime.

Thethird partof this patternis choosinga suitablemultidimensionalndexing method.The choicedepends
on the numberof features—dimensionsf the featurespace. Many methodsare available for indexing
low dimensionalitydomains—forexample,hashtable®r B-tree variants. However, asthe numberof di-
mensiongyrows, they degeneratento sequentiabcanning. R-treevariants(e.g., R*-trees[BKSS90] and
SS-treegwWJ9q) offer goodperformancdor alargernumberof dimensions.

To summarizethefeatureextractionpatternhasthe following benefits() andliabilities (0):

0 It canmanagéargeamountof data.Comparedo sequentiabcanningapplicationsisingthis pattern
obtainanincreasinglybetterperformancesthe volumeof dataincrease$AFS93].

O Similarity searchingorrespondso vectoroperationsn featurespace Thesehave low computational
overheadandranktheresults.

O Softwarecanmanipulatecomplex informationwithouthaving to decodets semanticsThisis key for
implementingnultimediadatabases.

0 Userscaneasilyrefinequeries.Onceresultsareavailable,they markonly the onesthatarerelevant.
The systemadjuststhe original queryand performsa new search.Providedthatthe users feedback
is consistentsuchqueriescorverge in a few iterations. This modeof operationis alsoknown as
“relevancefeedback”[SB8S. In the featurespace relevancefeedbackand consistsof addingthe
selectedrectorsto the queryvector

O Efficientsearchin thefeaturespacerequireanultidimensionaindexing methodsNot all goodindex-
ing methodsscalewell with the numberof dimensions.Obtainingan efficient andscalablemultidi-
mensionalndex structureis noteasy

O Insertingnew itemsandansweringjueriesrequireadditionalprocessing The architecthasto deter
minetheright balancebetweerthe numberof featuresandthe post-processintime.

5 Implementation Notes

A possibleimplementationsolutionis to group all the featureextraction codeinto a Manager [Som971
object. Threepropertiesof the managerpatternmale it an excellentcandidatefor encapsulatindeature
extraction. First, the managethasaccesgo all subjectinstances. Consequentlyit is an ideal placeto
implementpost-processingsecondyithin agivendomainjts functionalityis independenfrom thesubject



classesThus,developerscanchangaheimplementatiorof the subjectclasswithout affectingthe manager
Finally, otherapplicationghatneedfeatureextractioncanreusethe manages code.

Therefore the manageiobjectencapsulatefeatureextractionandindexing. This providesa flexible solu-
tion. For example,you canbeagin without a fangy multidimensionaindex and concentraten gettingthe
featureextractionfunctionright. Onceyou are satisfiedwith this part, you canexperimentwith different
indexing algorithms,persistencenechanismsetc. All thesechangesare transparenfor the restof your
application.

Thefeatureextractionmanageactsasa Factory [GHJV95]for subjectobjects.It is responsibldor thelife-
cycle of its subjects Clientsfirst usethemanageto bring new subjectdnto the system After “population,
otherclientsemplg/ the manages servicego obtainsubjectobjectsin responséo queries.Whena client
doesnotneedtheanswerdor aqueryary longer it asksthemanageto destry thecorrespondingubjects.

As explainedin “Solution” (seeSectiond), queriesthatrely on featureextractionreturna variablenumber
of answersrankedin the orderof similarity. Thereforethe manageneedsanorderedcollectionto storeits
subjects Sinceit hasaccesdo all subjectsn this collection,anothetusefulserviceis iterationin increasing
or decreasing@rderof similarity. Themanagercanprovide this functionalityto its clientsby implementing
thelterator [GHJV95] pattern.

Figure4 shavs how a clientaddsa new subjectto theinformationretrieval system:

e TheClient sendgheinsert messagéo theManager with theSubject objectastheamgument.

e TheManager objectresponddy sendingtheirMapSubject messageo itself. This returnsa vector
thatrepresentshesubject objectin thefeaturespace.

e Finally, the Manager sendsthe dbinsert message.This updatesthe index (if ary) and addsthe
Subject objectandits featurevectorto theappropriatedatastores.

irMapSubject

dbinsert
-]

Figure4: Insertsequenceiagram.

Figure5 providesanexamplefor aqueryoperation:

e A Client sendghesearch messagé¢o theManager andpasses queryastheargument.

e TheManager responddy sendingheirMapQuery messageo itself. This mapsthe querydocument
into the featurespaceandreturnsits correspondingector



Next theManager sendghedbSearch messageThis messagénvolvesa similarity functionto per
form the searchin the featurespace.For example,the cosinefunction canbe usedto determinghe
similarity betweertwo vectors.This is easilycomputedrom the inner productof the two vectors—
seealsoFigure?2:
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where|&| and|b| arethevectornorms.In Cartesiarcoordinateshiscorrespondso alinearexpression,
since

a‘B: axbx+ayby+azbz

Oncethe answersareavailable, theirFilter messagémplementgost-processingnddiscardsall
falsealarms.For thesequenceliagramillustratedin Figure5, irFilter leaves3 matches.

TheManager createghecorrespondingubject objects.

TheClient iteratesthroughthesesubjectdy sendingthenext messagéo the Manager. This mes-
sagereturnsoneSubject objectfor eachinvocation.

TheClient sendghedispose messagéo the Manager whenever it doesnot needthe subjectsary
longer

Finally, theManager retireseachSubject by sendingt thedispose message.
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Figure5: Querysequenceliagram.



In Figures4 andb, all messagethatimplementfeatureextractionareprefixedwith ir . Similarly, messages
thatinvolve databaseperationsareprefixedwith db. All theseoperationsarelocalizedwithin theManager
object. You canstartwith a traditionaldatabasémplementatior(only dbinsert anddbSearch ) andadd
featureextractionlater, e.g.,whenthesizeof thedatabasstartsto causescalabilityproblems.This addition
will requirethefollowing changes:

1. Add theirMapQuery , irFilter (Figureb) andirMapSubject  (Figure4) messages.

2. Modify dbSearch (Figureb) to usethe similarity function. For example,in SQL this translatesnto
replacingthe WHERElausewith a call to a storedprocedurghatcomputeghe cosinevalue.

“RelatedPatterns”(seeSection?) lists otherwell-knonvn patternshat may be usefulwhenimplementing
featureextraction.

A Scenario

It is time to shav how thesepiecedit togethewith a simplescenario Sincedigital librariesor multimedia
databasemay seemexotic, this scenaricconsidersa morefamiliar domain.

Professionatecruitersassistcompaniedo find matchedor their openings. A compary looking for new
emplo/eesprovidestherecruitera “wish-list” Thelist containssomequalificationghecompay is looking
for, but it is not exhaustve. Thentherecruiterusesthelist to queryherdatabaseThis queryreturnsall the
peoplewithin the databaséhatsatisfythe searctrriteria. Sincethis type of applicationrequiresa similarity
searchijt is agoodcandidatdor featureextraction.

To usefeatureextraction,therecruiterbeagins by studyingserseralwish-liststo getanideaaboutwhatcom-
paniesarelooking for. Shehasto decidewhatfeaturego use.For this example,let's assumehatthey are
knowledgeof 3 programminganguagegC, Smalltalkand Java) anda modelinglanguagg UML). There-
fore, thefeaturespacenasfour dimensionsEvery resung will correspondo a pointin this space.

In Figures4 and5 this correspond$o decidingthat:

O irMapSubject andirMapQuery mapinto a4-dimensionaspaceand
0 dbinsert anddbSearch usea4-dimensionaindexing algorithm.

In this case extractingfeaturess easy Eachresung is scannecandwhenary of thesefour languagess
found, its correspondingoordinates setto 1. For example,if Joelistsin his resung& Ada, C, Fortran,and
Smalltalk,the correspondingrectoris Vjoe= (1,1,0,0). TheinformationaboutAdaandFortranis lost.

Therefore rMapSubject  from Figure4 performsafull text searchfor thesefour keywords.
Onceit computeghe featurevector dbinsert  storesit in the databaselongwith its corre-
spondingresung.

After all resungésaremappednto the featurespacetherecruiteris readyto usethis system.Let's assume
thata compary hasanopeningfor someonavho knowvs Smalltalk (3+ yearsexperience) Jasza and UML.
In the featurespace this query correspondso the vectorVquery= (0,1,1,1). Note that the experience
requirementoesnot have a correspondindeatureandthereforeis lost.
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Thesearch messagérom Figure5 hasthesuppliedwishlist asaparametemext, irMapQuery
mapsthis queryinto the featurespaceandobtainsvquery:

A searclcomputeghe similarity betweerthe queryandall the othervectorsin thedatabaseOnly theones
thatareabove a giventhresholdarereturned. Assumethatthey 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
matchedor thequeryvectorandwould have beenfoundby atraditionaldatabasseystemaswell. However,
while Donnas vectordoesnot have the UML componentthe similarity functionis above the thresholdand
thereforesheis a match.In atraditionaldatabassystemthis sortof matchingrequiresa comple boolean
expression. Featureextraction provides a more elegant solution. Here, similarity matchingis essential,
sincethe “wish-list” is not canedin stone. For example,if Donnais proficientwith OMT andher other
credentialarebetterthanthe others shewill probablygetanoffer.

In Figure 5, this correspondgo the dbSearch message.dbSearch computegthe similarity
betweerthegueryvectorandall the othervectorsstoredin thedatabase.

Post-processingompareshe original querywith the resungésof eachpotentialcandidateandreturnsonly
theonesthatmeetthe experiencaequiremenaswell.

TheirFilter messagérom Figure5 implementgpost-processingin this case |t doesa full
text searchin the4 resungésreturnedby dbSearch anddiscardsBob’s resumesinceit doesnot
satisfythe experiencaequirementOnceirFilter completesthemanagecreatesa Subject
objectfor eachmatch.Clientssendthenext messagéo iteratethroughtheseobjects.

Thereforejnsteadf comparingall theresungéswith theoriginalquery featureextractionmapsthis problem
into a four-dimensionakpacewherethe solutionis simpler This returnsall qualifying answerglusa few
falsealarms.Post-processingerformsafull text scanonly ontheseanswersanddiscardghefalsealarms.

SampleCode

The following codefragmentsillustrate how animageretrieval systememplgss featureextraction. This
codehasbeenusedin a Smalltalkimplementatiorof the MARS! system{ORCt97].

Theaddimage methodaddsnewr imagesn thesystem.lt correspond$o thesituationillustratedin Figure4.
Firsttheaddimage: methodcomputesall featuresof theimagein thenewimageFeatures variable.Next,
it updategheindex imageRepresentatio  nSet with theimageidentifier, its file nameandthe computed
features.

ImageDatabase>>add Image: animgFilename
| newlmageld newlmageFeatures newlmageRepresenta tio n |

newlmageFeatures := ImageFeatures extractFeaturesFroml mageFile : anlmgFilename
withTextureNormalize r. textureNormalizer
withDfTable: dfTable.

newlmageRepresenta tio n := ImageRepresentation representimageWithl  d: newlmageld
withFilename: anlmgFilename
withFeatures: newlmageFeatures.

imageRepresentatio  nSet addLast: newlmageRepresentat ion .

1A working demoof the MARS systenis availableon the Webat http:/jadzia. ifp.uiuc.edu:8000/
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In this application featureextractionconsistof color histogramcolorlayoutandtextureinformation. The
codefragmentthatdoesfeatureextractionfollows. Eachtype of featureis extractedin oneof the variables
colorHistogram , colorLayout  andtexture

ImageFeatures>>ext  rac tF eat ure sFr ommageFile : aString

withTextureNormaliz ~ er:  aTextureNormalizer withDfTable: dfTable
| image |
image := ImageReadWriter  createlmageFromFil  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 theactualfeatureds delegatedto thelmage class.Thefollowing codeshavstheimplementa-
tion for the color histogramsThis type of processindgs domain-dependent.

Image>>colorHistog ~ ram: aNumberl by: aNumber2

"returns  aNumberl by aNumber2 color histogram flattened as an array,

saturation being more significant and hue being less significant"

| length area colorhist quantizedhue  quantizedsat histindex |

length := aNumberl * aNumber2.

area = width * height.

colorhist = Array new: length  withAll: 0.

self pixelsDo:  [x iy |
quantizedhue  := self quantizedHueAtPoin t x @y levels:  aNumberl.
quantizedsat = self quantizedSaturatio nAtPoint : x @y levels:  aNumber2.
histindex ~ := (quantizedsat - 1) * aNumberl + quantizedhue.
colorhist increment:  histindex.].

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

Findinganswerdor aqueryinvolvesmappinghequeryin featurespacefindingall thematchesndfiltering
outthefalsealarms—sed-igure5. The following codefragmentperformsthe searchin the featurespace
usinga distancefunction specificto imageprocessingcurrBatch  is an orderedcollectionthat holdsthe
matches.

ImageDatabase>>sea rch ForFe atu res : anlmageFeatures  withWeights: aWeightArray
| index currBatch |
animageFeatures  start.
searchResult initialize.
currBatch  := OrderedCollection new.
imageRepresentatio  nSet do: [each |
searchResult  addSearchObiject:
(each distance:  anlmageFeatures  withWeights: aWeightArray)].

index := 1.
[index <= ((searchResult size) min: 8)]
whileTrue:
[currBatch  add: (searchResult at:  index).
index := index + 1l].
“currBatch
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6 Examples

Featureextractionis not nen. Oneof the pioneersof this patternwasGeraldSalton.He emplo/edit in the
SMART systemSal6g at Cornell,alongtime beforetheterm*“digital library” wascoined.

Sinceall of theinformationcurrentlyproduceds availablein electronicformat, mary applicationdomains
usefeatureextraction. Theseincludetelecommunicationsnultimedia,medicine, businessgetc. However,
despiteits widespreadise,few studiesdocumentfeatureextractionper se. Severaldocumentedxamples
from differentdomainsfollow.

1. The authorsof [KIJF97] usefeatureextractionto performad-hocquerieson large datasetof time
sequencesThedataconsistof customercalling patterndrom AT&T andis in theorderof hundreds
of gigabytes.Calling patternsarestoredin a matrix whereeachelementhasa numericvalue. The
rows correspondo customergin the orderof hundredf thousandsandthe columnscorrespondo
days(in theorderof hundreds).

In this casetheproblemis thecompressiomf amatrix which consistof time sequencesyhile main-
taining “randomaccess$. Genericcompressioralgorithms(e.g.,Lempel-Zi--Huffman, etc.) achieve
goodcompressiomatios. However, queriesdo notwork on compressedataandrequiredecompres-
sion. Thisis notviablefor theamount=f datacorrespondingo calling patterns.

Featureextractionavoids the needfor decompressionThefunctionfor featureextractionis singular
valuedecompositior{fSVD). This truncateshe original matrix by keepingonly the principalcompo-
nentsof eachrow andachievesa 40:1 compressiomatio. Therefore,SVD mapsthe large customer
calling patternmatrix into a smallermatrix in the featurespace.The compressefbrmatis lossybut
supportsguerieson specificcells of the datamatrix, aswell asaggr@atequeries. For example,a
queryonaspecificcell is “What wastheamountof saleso ACME, Inc. on August16th,1997?"The
methodyieldsanaverageof lessthan5% errorin ary datavalue.

2. Largeamountof dataarealsotypicalin thefinancialdomain.Featureextractionprovidesa fastway
for searchingstock prices[FRM94] andis usefulfor ary othertime-seriesatabase¢e.g.,weather
geological ervironmental astrophysicer DNA data).

The problemhereis finding a fastmethodfor locating subsequences time-serieglatabasesThe

systemneedsto answerguerieslike “Find companieghat have similar salespatternswith ACME,

Inc” Sequentiakcannings not viablefor severalreasonskFirst, it doesnot scalefor large amounts
of data.Secondjt hasa large spaceoverheadsinceeachsearchrequiresthe availability of the entire
time sequence.

Featureextractionprovidesa fastanddynamicsolution. In this case the featureextractionfunction
is a n-point DiscreteFourier Transform(DFT). This mapseachtime-seriesnto a tracein a multi-

dimensionafeaturespace Sincethemethodconsideronly afew low-frequeng coeficients,queries
returna supersebf the actualresults. However, post-processingliminatesall “falsealarms. The
spaceoverheads small,andtheresponsd¢imesareordersof magnitudeasterthana sequentiascan.

3. Besideshandlinglarge amountsof data,featureextractionis also applicablefor software systems
thatmanipulatecomplex information. Digital imagesarea typical example. Computersaregoodat
manipulatingthe basicimagecomponentsike luminanceandchrominance However, decodingthe
semantic®f theinformationcontainedvithin animage(its contentsjs still aresearchissue.

PetrakisandFaloutsodusethis patternfor similarity searchingn imagedatabasefPF97]. The prob-
lemis to supportqueriesdby imagecontentfor adatabasef medicalimages.A typical queryis “Find
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all X-raysthataresimilarto Bob's X-ray." This problemhasthe following requirements.First, it
needdo beaccurate Theresultsof aquerymustreturnall qualifyingimages.Secondgueryformu-
lation mustbeflexible andcorvenient. Theusershouldbeableto specifyqueriesy example through
a GUI. Finally, response¢imesandscalabilityareimportant. Performancenustremainconsistently
betterthansequentiatcanningasthe sizeof the databasgrows.

The systemrepresentamagecontentby attributed relationalgraphsholding featuresof objectsand
relationshipbetweerthem. This representatiorelieson the (realistic)assumptiorthata fixed num-
berof objectsarecommonin mary images—e.gliver, lungs,heart,etc. All thesecommonobjects
are“labeled! Themethodconsiderdive featuredor eachlabeledobjectin theimage.Five features
aresuficientfor medicalpurposesHowever, themethodcanhandleary otheradditionalfeatureghat
the domainexpertmaywantto consider This approacloutperformssequentiascanningandscales
well with the sizeof the database.

4. Trademarkmagesareimportantelementof acompamy’s industrialproperty They identify the pro-
ducerof aproductor service.To gainlegal protection trademarksymbolsmustbeformally registered.
The patentoffice hasto ensurehatall new trademarksaresuficiently distinctive to avoid confusion
with existing marks.

Currently manualassignmenbf classificationcodesis the main methodof organizingtrademark
imagecollections.The methodtypically emplgys the Viennaclassificatiorsystem developedby the
World IntellectualPropertyOrganization.Thetop level of this hierarchyhas28 distinctcateyories.

Trademarkimageretrieval hasseveral uniquecharacteristicsFirst, trademarkexaminerssearchfor

imagedy primitive featurese.g.,shape Secondirademarkegistriesholdlargecollectionsof images
in electronicformat. And finally, in thetrademarKield, successfutetrieval criteriaarewell-defined.
Thesecharacteristicenake trademarkimageretrieval anideal candidatefor content-basémagere-

trieval techniques.

TheArtisanproject(automatiaetrieval of trademarkmagesby shapeanalysisJEBG98]is intended
to replacehe TrademarkmageSystem(Trims), currentlyin useatthe UK PatentOffice. Thissystem
needgo answeronly onetype of query: givena candidatarademarkis it sufficiently similarto ary
existing mark to causeconfusion? After studyinghow trademarkexaminerswork, the researchers
concludedthat shapeis the mostimportantcharacteristic. Other attributes can be neglected. For
example, color informationis discardedsincethe imagesare deliberatelyregisteredin back-and-
white. ConsequentlyArtisan works only with shapefeatures. Thesefeaturesare organizedin two
vectors. The boundaryshapevector consistsof 4 features:aspectratio, circularity, transparenc
andrelative area. Lik ewise, the family characteristicsvectorconsistsof 5 features:right-angleness,
sharpnesscompleity, directednessind straightness.However, the authorsare still experimenting
with alternatves.

7 RelatedPatterns

e ThemanagercanreturnProxy [GHJV9Y objectsfor subjects.This may be usefulin circumstances
suchaswhensubjectsave large memoryfootprintsor areavailableon remotedatabases.

e Thepatternis independensof thefeatureextractionfunction. Domainexpertsselectary functionthat
is suitablefor someproblem,ensuringthatit producescorrectresults. Strategy [GHJV9Y objects
canrepresenvariousfeatureextractionfunctions. This is usefulfor domainsthat considemultiple
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featuresets. Oneexampleis imagedatabasedpr which popularfeaturechoicesarepatternscolors
andtextures.

¢ Digital library systemsarelikely to usefeatureextractionfor compounddocumentsvhich contain
text and multimediainformation. In this case,componentswill probablyusethe Extension Ob-
ject [Gam97 patternto provide interfacesfor information-retrigal operations.
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