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Abstract
Like many otherapplicationareas,task-baseddo-
mainsthat employ digital imageryare facedwith
the problem of information overload. Modeling
the relationshipbetweenimagesandthe tasksbe-
ing performedis an importantstepin addressing
thisproblem.Wehavedevelopedaninteractiveap-
proachfor the captureandreuseof imagecontext
informationthatleveragesameasureof auser's in-
tentionswith regardto tasksthat they address.We
analyzeaspectsof human-computerinteractionin-
formationthatenablesus to infer why imagecon-
tentsareimportantin a particularcontext andhow
speci�c imageshave beenusedto addressparticu-
lar domaingoals.

1 Intr oduction
Recentadvancesin digital imagecaptureandstoragetech-
nologieshave increasedtheproblemof informationoverload
in imagerytaskdomains.As a consequence,intelligent ap-
plication supportis neededto help manageimagery tasks.
Themajorityof currentretrieval techniquessearchfor images
basedon similarity of appearance,using low-level features
suchascolorandshapeor by naturallanguagetextualquery-
ing wheresimilarity is determinedby comparingwords in
a queryagainstwordsin semanticimagemetadatatags.The
biggestproblemarisingfrom thesetechniquesis theso-called
semanticgap[Hollink etal., 2004] — themismatchbetween
thecapabilitiesof theretrieval systemanduserneeds.

In orderto addressthisproblemwehavedevelopedadeci-
sionsupportsystemthatcanintegrateinformationaboutun-
derlyingvisualdatawith morehigh-level conceptsprovided
by usersasthey completespeci�ed tasks.Capturinghuman
expertiseandpro�ciency allows us to understandwhy rele-
vantinformationwasselectedandalsohow it wasemployed
in the context of a speci�c user task [Leake et al., 1999].
From a case-basedstandpointour researchfocuseson case
knowledgeacquisitionand caseknowledgereuse,wherea
caseis representedby a completeusertaskincludingall sys-
teminteractionsin thecourseof carryingoutthetask.Theap-
proachallowsusto captureandreusebestpracticetechniques
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by automaticallyconstructinga knowledgebaseof previous
userexperiences.Thisknowledgebasecanthenbeemployed
to improve future context-basedquery processing.Similar
tasksareno longerinterpretedassimply a collectionof nat-
ural languageterms:ratherimageretrieval requeststake into
accountthe context of the speci�c userdomaingoals. This
approachallows for a dramaticreductionin both the time
andeffort requiredto carry out new tasksas amassedcon-
textual knowledgeis reusedin supportof the similar tasks.
Furthermore,thereare bene�ts from a knowledgemanage-
mentstandpointascontextual knowledgepertainingto par-
ticular tasksmay now be storedandreusedasan additional
resourcefor support,training andpreservingorganizational
knowledgeassets.

2 SystemOverview
Oursystemenablesa userto searchdirectly for imagerycor-
respondingto their currenttaskneeds.A typical task-based
query to our image repositorymay consistof any combi-
nationof speci�ed metadata,semantictaskinformationand
a sketchedcon�guration of image-objects. The user may
searchanimagedatabasefor imagerycorrespondingto their
currentgoalsor a knowledgebaseof previous userexperi-
ences(called sessions)for other user's tasksthat may bear
resemblanceto theirown. In eithercasetheimagery/sessions
are ranked accordingto a percentagematchingscore. The
usermay theninteractwith the returnedinformationaspart
of their task by annotatingand highlighting relevant image
aspects.

3 Capturing Case-BasedContext
Ourresearchdrawsonwork in capturingtaskknowledgewith
theultimategoalof performingmoreeffectiveimageretrieval
usingannotations[LiebermanandLiu, 2002]. To thisendwe
have developedtools for direct imagemanipulationto assist
theuserin organizinginformationaboutrelevantimageryand
their taskto captureimportantcontextual informationabout
speci�c usergoals. Theseinsightsare then distilled into a
form thesystemmayuseto performsimilarity matching.The
tools for direct imagemanipulationinclude�lters, transfor-
mation,highlighting,sketching,post-it type andmultimedia
annotations.They allow theuserto identify regionsof inter-
estthatcanbelinkedto clari�cations andrationale.All con-



Figure1: CapturingUserContext throughImageAnnotation

textual knowledgeis gatheredby the systemusing implicit
analysissothatusersareshieldedfrom theburdenof knowl-
edgeengineering[Claypoolet al., 2001]. We unobtrusively
monitor, interpretandrespondto useractionsasthey interact
with theimageryvia theannotationaltoolsandrecordthis as
usercontext.

Figure1 showshow ausercanmakeuseof theimageanno-
tationtoolsaspartof ageo-spatialimagetask.Theparticular
taskthatthis userhadin mind wastheconstructionof anair-
port on theoutskirtsof anurbanarea.Theuserhasuploaded
somemultimediaand textual annotations;thesetextual an-
notationsare representedby the icons on the image. The
notebookicon replacesthetext box wheretheuserhastyped
commentsandpreventsthe imagefrom becomingcluttered.
Thecameraiconreplacesthevideouploadedby theuser, and
whenclickedon will play backtherecording.Thedarkrec-
tanglesaroundthe iconsare the areasassociatedwith these
annotationsandareemphasizedoncethe iconsaremoused
over. Theareaemphasizedby therectanglesurroundingthe
notebookiconrepresentsanundevelopedareaoutlyingaresi-
dentialpartof theurbanregion. Theusercommentstatesthat
this is an areaof low elevation, away from residentialareas
anddrainednaturallyby a largeriver (i.e. suitableto proceed
with thenew development).Theuserhasalsohighlighteda
groupof buildings by sketchingan oval shapearoundthem
(they mayhave concernsthat thesebuildingsarequiteclose
to the areaselectedto build the airport). Oncethe userhas
�nished interactingwith theimagerytheir entiretaskprocess
is storedas an encapsulatedsessioncasein the knowledge
base.

4 ReusingSimilar UserContext for Retrieval
Theapplicationallowsfor thereuseof similarusercontext for
retrieval. Morespeci�cally, if auserworkingin asimilar task
domainto a previoususerqueriesthesystem,theapplication
reusesthepreviously capturedcontext to computesimilarity
betweenthe new taskandthe goalsof previous usersin or-
der to recommendimagesandusersessionsthat may be of
helpto thecurrentuser. A morecompletedescriptionof how

Figure2: SessionRetrieval

this similarity is calculatedis describedin [O'Sullivanet al.,
2004]. The currentusercancomparetheir taskto previous
work both to �nd relevant imageryandalsoto examinethe
decisionsand rationaleinvolved in addressingthe previous
task. Figure 2 shows the interfacefor displayingretrieved
sessions.

Each row in the interface representsa similar user ses-
sion andis summarizedto includethe percentagematching
score,the mostsimilar queries,the most importantannota-
tionsaddedby thesimilar user, mediabuttonsto play multi-
mediaannotationsandthumbnailsof any annotatedimagery.
Theusercanreusethesesimilarsessionsin carryingout their
taskby incorporatingall or partof arelevantsessioninto their
own taskcontext. Becausethetask-basedretrieval systemis
tightly coupledwith theactivities thattheuseris performing,
thesystemhasthecapacityto make proactive recommenda-
tionsin anunobtrusivemannerby monitoringthecurrenttask
context. Informationrequests,incrementsin the information
accessedandannotationsprovidedareno longertakingplace
in an isolatedenvironment. Ratherthey canbe groundedin
thecontext of theactivities thattheuseris performingsothe
systemcancorrespondinglyanticipateandupdatewhatpre-
vious knowledgewould be relevant, making it available to
theuser. Thisknowledgeis providedunobtrusively, andneed
only be accessedwhenrequired. Thusthe processdoesnot
distractfrom thetaskat hand,yet makesrelevantknowledge
availablejust-in-time.

5 Experimental Evaluation
The systemwasoriginally designedfor the retrieval of geo-
spatialimageryandanearlierevaluationof sessionretrieval
indicatedthat sessionswereusefulasa basisfor task-based
retrieval [O'Sullivanet al., 2004]. In this paperwe show that
task-basedannotationcontext hasadvantagesfor individual
imageretrieval by employing the applicationas an aid for
travel planning.We evaluatedthesystemusingimagesfrom
theCorel ImageDataset[WangandLi, 2003]. We beganby
analyzinga subsetof 500 images(correspondingto 5 coun-
tries- Australia,England,France,IrelandandThailand)and



manuallyannotatingeachof them with four/� ve keywords
describingimageobjectsandscenesdepictedin the images.
In orderto extractcontextual informationfor eachimage,the
setof keywordsfor eachimagewasenteredasaqueryto web
sitesoffering informationon holidaysin the outlinedcoun-
tries,for examplehttp://www.visiteurope.com/france.html.

Theresultingwebpageswereanalyzedandthemostrele-
vantparagraphsfrom thesepageswereappliedasannotations
to the images.Theseannotationswerebetween2 and5 sen-
tencesin length. An exampleof an annotationfor a photo-
graphfeaturinga partof theEnglishLake District was”The
Lake District National Park in the north-westof Englandis
thelargestof EnglandsNationalParks. Its 2,292squarekilo-
metrescover high fells, lush greendales,still lakes,vibrant
villagesandquiethamlets”. Thepurposeof theseannotations
wasto acta baselinefor comparisonwith task-basedqueries
relatingto holidaysin theoutlinedcountries.

In orderto demonstratethetask-basedretrieval capabilities
of thesystem,severaltaskswereoutlinedrelatingto holidays
in the countriesand userbehavior was simulatedby anno-
tating relevant imagerywith task-speci�c information. An
exampleof a taskdescriptionfor a holiday in Englandwas
”Planning a trip to England,spenda few daysin London,
visit themarkets,followedby a few daysin thecountryside”.
Oncetheimageshadbeenannotatedaccordingto this �rst set
of tasksanothersetof taskscorrespondingto morespeci�c
typesof holidaysin thecountrieswereoutlined.An example
of sucha taskfor planninga holiday in Englandwas” Inter-
estedin an adventure holiday in the Englishcountryside- I
amparticularly interestedin hill-walking andwatersports”.
The purposeof this wasto seeif the contextual annotations
addedto theimagesfor the�rst setof taskscouldbere-used
to �nd imageryrelevant to thesecondsetof tasks.The500
imageswere thencategorizedby handaseither relevant or
not relevant to eachoutlinedtask in the secondcategory of
tasks.Eachtaskwasenteredasa queryto thesystemandthe
returnedimageswere analyzed. Figure3 demonstratesthe
averagescoresassociatedwith thetop � ve mostrelevantim-
ages(as judgedby a real user)returnedfor the task-based
queries. The left/right columnsgive the similarity respec-
tively for keyword-basedretrieval and annotation-basedre-
trieval. For themostparttheannotation-basedretrieval vastly
outperformsthekeyword-basedretrieval, demonstratingthat
task-basedannotationscanprovide usefuladditionalcontext
that canimprove imageretrieval over a dataset.We plan to
expandthelibrary bothin termsof thenumberof imagesand
in termsof the numberof appliedtask-basedqueries. This
experimentis astartingpoint for automatingtheconstruction
of datasetsfrom whereinformationcanberetrievedbasedon
currentcontext ratherthanjust on keyword or content-based
search.

6 Conclusions

We have introducedour approachto developing a context
awaresystemwith a task-basedfocusfor retrieving imagery
andknowledge.Our intentionis to usethepresentedexperi-
mentalresultsasa baselinefor futureevaluationframeworks
wherewe will examinethe relative contributions of differ-

Keyword Retrieval V Annotation-Based Retrieval
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Figure3: KeywordRetrieval V Annotation-BasedRetrieval

ent levelsof user, taskandannotationcontexts. We hopeto
perform a comprehensive usertrial in the nearfuture. We
planto extendour implicit knowledgeacquisitiontechniques
by extracting informationfrom a greatervariety of userac-
tions. We alsointendto supplementour primarily text-based
retrieval systemby includingmultimediaannotationalinfor-
mationfor retrieval.
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