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Abstract

Like mary otherapplicationareas task-basedio-
mainsthat employ digital imageryare facedwith
the problem of information overload. Modeling
the relationshipbetweenimagesandthe tasksbe-
ing performedis an importantstepin addressing
this problem.We have developedaninteractve ap-
proachfor the captureandreuseof imagecontext
informationthatleveragesa measuref ausersin-
tentionswith regardto tasksthatthey addressWe
analyzeaspectof human-computeinteractionin-
formationthat enablesus to infer why imagecon-
tentsareimportantin a particularcontext andhow
speci ¢ imageshave beenusedto addresgarticu-
lar domaingoals.

1 Intr oduction

Recentadwancesin digital image captureand storagetech-
nologieshave increasedhe problemof informationoverload
in imagerytaskdomains. As a consequencentelligent ap-
plication supportis neededto help manageimagerytasks.
Themajority of currentretrieval techniquesearcHor images
basedon similarity of appearanceysing low-level features
suchascolor andshapeor by naturallanguagdextual query-
ing where similarity is determinedby comparingwords in

aqueryagainstwordsin semantidmagemetadatdags. The
biggestproblemarisingfrom thesetechniquess theso-called
semantigap[Hollink etal., 2004 — the mismatchbetween
the capabilitiesof theretrieval systemanduserneeds.

In orderto addresshis problemwe have developeda deci-
sion supportsystemthat canintegrateinformationaboutun-
derlying visual datawith more high-level conceptgprovided
by usersasthey completespeci ed tasks. Capturinghuman
expertiseand pro ciency allows usto understandvhy rele-
vantinformationwasselectedandalsohow it wasemployed
in the context of a speci ¢ usertask [Leake et al., 1999.
From a case-basedtandpointour researchfocuseson case
knowledge acquisitionand caseknowledgereuse,wherea
caseis representetly a completeusertaskincludingall sys-
teminteractionsn thecourseof carryingoutthetask. Theap-
proachallowsusto captureandreusebestpracticetechniques
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by automaticallyconstructinga knowledgebaseof previous
userexperiencesThis knowledgebasecanthenbeemployed
to improve future context-basedquery processing. Similar
tasksareno longerinterpretedassimply a collectionof nat-
ural languageerms:ratherimageretrieval requestsake into
accountthe context of the speci ¢ userdomaingoals. This
approachallows for a dramaticreductionin both the time
and effort requiredto carry out new tasksas amassedaon-
textual knowledgeis reusedin supportof the similar tasks.
Furthermore thereare bene ts from a knowledgemanage-
ment standpointas contextual knowledgepertainingto par
ticular tasksmay now be storedandreusedasan additional
resourcefor support,training and preservingorganizational
knowledgeassets.

2 SystemOverview

Our systemenablesa userto searctdirectly for imagerycor
respondingo their currenttaskneeds.A typical task-based
query to our image repositorymay consistof ary combi-
nationof speci ed metadatasemantictaskinformationand
a sketchedcon guration of image-objects. The user may
searchanimagedatabaséor imagerycorrespondingo their
currentgoalsor a knowledgebaseof previous userexperi-
ences(called sessions¥or other users tasksthat may bear
resemblancéo theirown. In eithercasetheimagery/sessions
are ranked accordingto a percentagenatchingscore. The
usermay theninteractwith the returnedinformationaspart
of their task by annotatingand highlighting relevantimage
aspects.

3 Capturing Case-BasedContext

Ourresearchdravsonwork in capturingaskknowledgewith
theultimategoalof performingmoreeffectiveimageretrieval
usingannotationgLiebermarandLiu, 2002. To this endwe
have developedtools for directimagemanipulationto assist
theuserin organizinginformationaboutrelevantimageryand
their taskto captureimportantcontectual informationabout
speci c usergoals. Theseinsightsare then distilled into a
form thesystemmayuseto performsimilarity matching.The
tools for directimagemanipulationinclude lters, transfor
mation, highlighting, sketching,post-ittype andmultimedia
annotationsThey allow the userto identify regionsof inter-
estthatcanbelinkedto clari cations andrationale.All con-



Figurel: CapturingUserContet throughimageAnnotation

textual knowledgeis gatheredby the systemusingimplicit

analysissothatusersareshieldedfrom the burdenof knowl-

edgeengineering Claypoolet al., 2001]. We unobtrusiely
monitor, interpretandrespondo useractionsasthey interact
with theimageryvia theannotationatoolsandrecordthis as
usercontext.

Figurel shavshow ausercanmake useof theimageanno-
tationtoolsaspartof ageo-spatialmagetask. Theparticular
taskthatthis userhadin mind wasthe constructiorof anair-
port on the outskirtsof anurbanarea.Theuserhasuploaded
somemultimediaand textual annotationsthesetextual an-
notationsare representedy the icons on the image. The
notebookicon replaceghetext box wherethe userhastyped
commentsand preventsthe imagefrom becomingcluttered.
Thecamerdconreplaceghevideouploadedyy theuserand
whenclickedonwill play backtherecording. Thedarkrec-
tanglesaroundthe iconsare the areasassociatedvith these
annotationsand are emphasizesncethe icons are moused
over. Theareaemphasizedy the rectanglesurroundinghe
notebookconrepresentanundeselopedareaoutlyingaresi-
dentialpartof theurbanregion. Theusercommenstateghat
this is an areaof low elevation, away from residentialareas
anddrainednaturallyby alargeriver (i.e. suitableto proceed
with the new development).The userhasalsohighlighteda
group of buildings by sketchingan oval shapearoundthem
(they may have concernghatthesebuildings are quite close
to the areaselectedo build the airport). Oncethe userhas

nished interactingwith theimagerytheir entiretaskprocess
is storedas an encapsulatedessioncasein the knowledge
base.

4 ReusingSimilar User Context for Retrieval

Theapplicationallowsfor thereuseof similarusercontext for
retrieval. More speci cally, if auserworkingin asimilartask
domainto a previoususerqueriesthe systemtheapplication
reuseghe previously capturedcontect to computesimilarity
betweenthe new taskandthe goalsof previous usersin or-
derto recommendmagesand usersessionghat may be of
helpto thecurrentuser A morecompletedescriptionof how

Figure2: SessiorRetrieval

this similarity is calculateds describedn [O'Sullivanetal.,
2004. The currentusercancomparetheir taskto previous
work bothto nd relevantimageryandalsoto examinethe
decisionsand rationaleinvolved in addressinghe previous
task. Figure 2 shows the interfacefor displayingretrieved
sessions.

Eachrow in the interface representsa similar user ses-
sion andis summarizedo include the percentagenatching
score,the mostsimilar queries,the mostimportantannota-
tionsaddedby the similar user mediabuttonsto play multi-
mediaannotationandthumbnailsof any annotatedmagery
Theusercanreusethesesimilar sessiongn carryingouttheir
taskby incorporatingall or partof arelevantsessiorinto their
own taskcontext. Becausdhetask-basedetrieval systemis
tightly coupledwith the actiities thatthe useris performing,
the systemhasthe capacityto make proactive recommenda-
tionsin anunobtrusve manneiby monitoringthecurrenttask
context. Informationrequestsincrementsn theinformation
accessedndannotationgrovidedarenolongertaking place
in anisolatedervironment. Ratherthey canbe groundedn
the context of the activities thatthe useris performingsothe
systemcan correspondinghanticipateand updatewhat pre-
vious knowledgewould be relevant, makingit available to
theuser This knowledgeis providedunobtrusiely, andneed
only be accessedvhenrequired. Thusthe processdoesnot
distractfrom thetaskat hand,yet makesrelevantknowledge
availablejust-in-time.

5 Experimental Evaluation

The systemwas originally designedor the retrieval of geo-
spatialimageryandan earlierevaluationof sessiorretrieval
indicatedthat sessionsvere usefulasa basisfor task-based
retrieval [O'Sullivanetal., 2004. In this paperwe show that
task-basednnotationcontext hasadvantagedor individual
image retrieval by employing the applicationas an aid for
travel planning. We evaluatedthe systemusingimagesfrom
the CorelImageDatase{WangandLi, 2003. We beganby
analyzinga subsetof 500images(correspondingo 5 coun-
tries- Australia,England,France relandand Thailand)and



manually annotatingeachof them with four/ ve keywords
describingimageobjectsandscenesiepictedin theimages.
In orderto extractcontextualinformationfor eachimage,the
setof keywordsfor eachimagewasenteredasaqueryto web
sitesoffering information on holidaysin the outlined coun-
tries, for examplehttp://www.visiteurope.com/francktml.

Theresultingweb pagesvereanalyzedandthe mostrele-
vantparagraphfrom thesepagesvereappliedasannotations
to theimages.Theseannotationsverebetweer? and5 sen-
tencesin length. An exampleof an annotationfor a photo-
graphfeaturinga part of the EnglishLake District was” The
Lake District National Park in the north-westof Englandis
thelargestof EnglandsNational Parks. Its 2,292squake kilo-
metes cover high fells, lush greendales,still lakes, vibrant
villagesandquiethamlet$. Thepurposeof theseannotations
wasto acta baselingfor comparisorwith task-basedjueries
relatingto holidaysin the outlinedcountries.

In orderto demonstrat¢hetask-basedetrieval capabilities
of thesystem severaltaskswereoutlinedrelatingto holidays
in the countriesand userbehaior was simulatedby anno-
tating relevant imagery with task-speci cinformation. An
exampleof a taskdescriptionfor a holiday in Englandwas
"Planning a trip to England, spenda few daysin London,
visit the markets,followedby a few daysin the countrysidé.
Oncetheimageshadbeenannotatedccordingo this rst set
of tasksanothersetof taskscorrespondingo more speci ¢
typesof holidaysin the countrieswereoutlined. An example
of suchataskfor planninga holidayin Englandwas” Inter-
estedin an adventue holiday in the Englishcountryside- |
amparticularly interestedn hill-walking andwater sports”.
The purposeof this wasto seeif the contextual annotations
addedto theimagesfor the rst setof taskscouldbere-used
to nd imageryrelevantto the secondsetof tasks. The 500
imageswere then catgyorizedby handas eitherrelevant or
not relevantto eachoutlinedtaskin the secondcategory of
tasks.Eachtaskwasenteredasa queryto the systemandthe
returnedimageswere analyzed. Figure 3 demonstrateshe
averagescoresassociatedavith thetop ve mostrelevantim-
ages(asjudgedby a real user)returnedfor the task-based
queries. The left/right columnsgive the similarity respec-
tively for keyword-basedetrieval and annotation-basece-
trieval. For themostparttheannotation-baseektrieval vastly
outperformsthe keyword-basedetrieval, demonstratinghat
task-basednnotationcanprovide usefuladditionalcontext
that canimprove imageretrieval over a dataset.We planto
expandthelibrary bothin termsof the numberof imagesand
in termsof the numberof appliedtask-basedjueries. This
experimentis a startingpointfor automatinghe construction
of dataset$rom whereinformationcanberetrievedbasecn
currentcontext ratherthanjust on keyword or content-based
search.

6 Conclusions

We have introducedour approachto developing a context
awaresystemwith a task-basedocusfor retrieving imagery
andknowledge.Our intentionis to usethe presenteaxperi-
mentalresultsasa baselindor future evaluationframewnorks
wherewe will examinethe relative contributions of differ-
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Figure3: Keyword Retrieval V Annotation-BasedRetrieval

entlevels of user taskandannotationcontexts. We hopeto
performa comprehensie usertrial in the nearfuture. We
planto extendourimplicit knowledgeacquisitiontechniques
by extractinginformationfrom a greatervariety of userac-
tions. We alsointendto supplemenbur primarily text-based
retrieval systemby including multimediaannotationalnfor-
mationfor retrieval.
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