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Abstract. Presentationsarebecominganincreasinglymorecommonmeansof commu-
nicationin workingenvironments,andslidesareoftenthenecessarysupportingmaterial
onwhich thepresentationsrely. In thispaper, wedescribeaslideindexing andretrieval
systemin which theslidesarecapturedasimages(througha framegrabber)at themo-
mentthey aredisplayedduringapresentationandthentranscribedwith anOCRsystem.
In thiscontext, weshow thatsuchanapproachpresentsseveraladvantagesover theuse
of commercialsoftware(API based)to obtaintheslide transcriptions.We reporta set
of retrieval experimentsconductedon a databaseof 26 real presentations(570 slides)
collectedat a workshop.The experimentsshow that the overall retrieval performance
is closeto that obtainedusing either a manualtranscriptionof the slidesor the API
software. Moreover, the experimentsshow that the OCR basedapproachoutperforms
signi�cantly theAPI in extractingthetext embeddedin imagesand�gures.
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1 Intr oduction

Presentationsand talks are commonevents in many working environments(companies,
schools,conferences,etc.). They oftenrepresenta valuablesourceof information,but their
contentis dif®cult to store. In mostcases,after the presentationis given,no recordis left
andmostof the informationprovided by the speaker is lost. The mostsimplesolutionfor
sucha problemis to recordthe talks (with camerasand microphones)and then to make
themavailableto potentialuserswithout furtherprocessing(theso-calledRecord andPlay-
back approach[35]), but the resultingmaterialquickly becomesdif®cult to use. After that
few hoursof recordingshave beencollected,to retrieve the few minutesconcerninga spe-
ci®c topic or simply to know what a talk is aboutcanrequirethe manualexaminationof
long recordingsegments[17], [34]. For theabove reasons,therehave beenseveralresearch
efforts in order to develop effective indexing andbrowsing techniquesallowing oneto go
beyondthesimpleRecordandPlaybackapproach(seesection2).
Most of the literaturefocuses,to our knowledge,on so-calledinstructionaltalks, i.e. pre-
sentationsbasedon slidescontaining,in a conciseform, thecoreinformationconveyedby
the speaker. The useof slidesdoesnot representa restrictive constraintsinceit is com-
mon in a wide spectrumof situationsand it representsthe rule ratherthan the exception.
In sucha framework, it is possibleto include(the list is not exhaustive) the processingof
schoolcoursesin the e-learningdomain[1], [34], the productionof video proceedingsfor
conferences[2] andthecreationof smartenvironmentsaimedat capturingclassor meeting
participantexperiences[1].
In all of theabove examples,slidesarewidely recognizedasa fundamentalsourceof infor-
mation,but so far they have beenused,to our knowledge,only to partition the recordings
into meaningfulfragments:slidechangesaredetected(seesection2 for thetechniquesused)
andthepresentationvideosaresegmentedin correspondencewith them. Therationalebe-
hind suchanapproachis thatwithin thepresentation,only onetopic is discussedduringthe
timeaslideis displayed,andthusthatatopicchangecanonly occurataslidetransition.The
fundamentallimit of theabove approachis, in our opinion,that the topic itself is not taken
into accountat all. This meansthatwhena userwantsto ®nd thesegmentcorrespondingto
a certaintopic, s/hemustbrowsethroughthe slidesuntil s/he®ndsthe onecorresponding
to it. This canbe reasonablefor a few presentations,but it becomesheavily time consum-
ing whenthe numberof talks increases.In our dataset,26 presentationscollectedat the
MLMI workshop[4] resultin 570slidesandthis meansthat theusermight be requiredto
browsehundredsof slidesin orderto ®nd what s/heis looking for. This canbe especially
problematicwhentheuseraccessesthesystemthroughanetwork (e.g.in distancelearning)
andtheamountof datatransmittedmustbelimited. A goodsolutionto suchproblemsis, in
our opinion, to transcribeandindex theslidesin orderto apply InformationRetrieval (IR)
techniques.In this way theusercan®rst searchtheslidesansweringto her/hisinformation
needsandthenwatchthepresentationvideosegmentsthey correspondto.
Theautomatictranscriptionof slidescanbeperformedwith softwarethatconvertsthemost
commonformatsusedfor presentations(pdf andppt) into ASCII text, but this createssev-
eralproblems.The®rst is thatthetranscriptionsarenot synchronizedwith thepresentation
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Figure1: Retrieval approach.Thepresentationsarerecordedthroughthreechannels(audio,
videoandPC-projector).Slideimagesareobtainedthroughtheframegrabberandtranscribed
with anOCRsystem.By applyingInformationRetrieval (IR) techniquesto theresultingtext,
it is possibleto retrievepresentationrecordingsegmentsrelevantto aninputquery.

video. In otherwords, the informationallowing for the linking of a slide with the video
segmentwhereit wasdisplayedis not available.Thesecondis thattheconversionsoftware
is basedon APIs thatarepotentiallyexpensive andbecomeobsoleteaftera relatively short
lifespanbecauseof the changesin commercialproprietaryformats. The third problemis
thattheslidesoftencontaintext which is embeddedin ®gures(work�o ws,systemdiagrams,
plots, etc.) andthe above converterscannotalwaysaccessit. Moreover the speakersmay
leave theslideshow to useanddemonstrateothersoftware. With theconverters,no text in-
dexing andaccesspointsto thesepartsof thetalk wouldbeavailable.
In ouropinion,theaboveproblemscanbesolvedby capturingtheslideswith aframegrabber
(i.e. adeviceableto acquireandstoreasimagesthatwhich is displayedthroughaprojector)
and then transcribethem with an Optical CharacterRecognition(OCR) system(seeFig-
ure1). . The framegrabberoutputcanin factbesynchronizedwith thepresentationvideo
(eachslidecanthusbelinkedwith avideosegment),theslideimagesareindependentof the
original format(ppt or pdf), andthetext embeddedin picturescanbetranscribedaswell as
text displayedon thescreenwhenthespeaker projectssomethingdifferentfrom theslides.
OCRtechnologyhasbecomeoneof themostsuccessfulapplicationsin the®eld of pattern
recognition.However, OCRsystemshave beendesignedto recognizecharacterson printed
documents,andtheapplicationof this technologyto otherinformationsourcessuchasim-
agesor videosremainsa challengingproblem[13, 27, 33, 16, 18, 5]. Slidesaredif®cult to
transcribeasthey oftencontaina largevarietyof text fontsandsizes(from 10to 130pixels),
images,plots and®guresthat canbe misinterpretedastexts, layout changesfor eachslide
andsometimesstructuredandcomplex backgrounds.Moreover, theuseof linguistic infor-
mationcanbe helpful only to a limited extent becausepresentationscontainmany proper
namesandacronymsthatcannotbefoundin commonlinguisticresources(e.g.text corpora)
usedto build lexiconandlanguagemodels.
In thispaper, westudytheapplicationof InformationRetrieval to automatictranscriptionsof
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slides.Firstweanalyzetherecognitionperformanceof avideoOCRsystemdescribedin [5]
on suchdata,thenwe show how therecognitionerrorsaffect theIR performanceon several
retrieval tasks.Theexperimentshave beenconductedon a databaseof 26 presentations(or
570 slides)gatheredat a workshop[4]. They show that despitethe useof transcriptions
affectedby recognitionerrorsanda largeamountof noise,theretrieval performancedegra-
dationwith respectto theuseof manualor API basedtranscriptions(noerrors)is acceptable.
Therestof this paperis organizedasfollows: Section2 presentsa survey of relatedworks,
Section3 describestheOCRsystemusedin our experiments,Section4 shows theInforma-
tion Retrieval approachapplied,Section5 presentsexperimentsandresultsandSection6
drawssomeconclusions.

2 Previouswork

Thissectionpresentsasurvey of thepapersdedicatedto presentationsin theliterature.First
we will describeworksdealingwith singleaspectsof theprocessing(e.g. segmentationor
browsing), thenwe will show articleswheretalksareusedin a wider context andthepro-
cessingis orientedto speci®cgoals(e.g.e-learningor conferencevideo-proceedings).
Oneof themainproblemsof presentationsis that they arecomposedof long streamsof in-
formation(e.g. audioor video recordings)that aredif®cult to handleasa whole by users.
This makes it necessaryto partition theminto segmentsthat aremeaningfulto usersand
thatenablethemto effectively usetheinformationcontainedin thepresentation.All of the
worksdedicatedto theaboveproblemperformathematicsegmentation, i.e. they try to iden-
tify segmentscharacterizedby a singleandspeci®ctopic. Themainreasonis that talksare
typically organizedasasequenceof topicsandmost,if notall, of thepresentationcontentis
concentratedin thetopicspresentedby thespeaker.
Theuseof shotboundariesasacriterionto performthematicsegmentationhasbeenquickly
discardedbecausein many practicalapplicationstalk recordingsaremadeof onesingleshot
obtainedwith a ®xedcamerapointingat thespeaker. More relevant informationcanbeex-
tractedfrom theaudio.In [15], theanalysisof prosodyandsilencesaswell asthedetection
of DiscourseMarkers, i.e. expressionsthat typically introducea new argument,areused
to segmentandindex university lectures.The main limit of suchan approachis that it is
stronglyrelatedto the style of the speaker andit is languagedependent.A content-based
segmentationcanbe obtainedby applyingapproachesbasedon text analysis. In [12], the
variationsin frequency andcooccurrenceof wordsappearingin neighbouringsegmentsof
a text areusedto detecttopic changesandto structurea text into sectionsandsubsections.
Theproblemof suchanapproachis thatit workswell for datalikenewswherestoriesabout
completelydifferenttopicsappearaftereachother, but it hasmoredif®culty on texts where
thereis a single topic anddifferentsubtopics(as is the casein presentations).Moreover,
in the caseof talks, the systemshouldwork on transcriptionsobtainedthroughAutomatic
SpeechRecognitionandthiscanfurtherreducetheeffectivenessof themethod.
Theapproachthathasbeenpreferredsofaris to segmentthepresentationsin correspondence
with slidetransitions[31], [20], [19], [14]. As mentionedin theprevioussection,this is rea-
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sonablebecauseit re�ects the logical organizationgivenby thespeaker to his/hertalk, but
it neglectstheactualtopicsbeingpresented.In all of thecitedworks,theslidechangesare
detectedusingthevideofootage.Theslideis ®rst locatedin theimages(theproblemof the
speaker oftenoccludingtheslideis solvedby analyzingmultiple frames)andthenmatched
with theelectronicversionsof theslidesassumedto beavailableto thesystem.Eachtime
the electronicslide bestmatchingthe slide extractedin the video changes,a transitionis
assumedto take place. An alternative solutionto thesameproblemis to capturetheslides
througha frame-grabbersynchronizedwith thevideocameras,andto detectthetransitions
asthe pointswherethe differencebetweentwo following displayedimagesexceedssome
threshold. Suchan approachis usedin this work and it is simpler, but at the sametime
it requiresmoredevices(projector, frame-grabber, synchronizationdevices). On the other
hand,no electronicversionof the slidesis necessaryandno slide format dependentAPIs
needbeused(seeprevioussection).Thesegmentationbasedonslidesis usedto browsethe
presentations.Someof theworkspresentedabove aswell asseveralworksin thee-learning
domain(seebelow) make useof browsersallowing to displaythe slidesof a presentation
andto accesstheir correspondingsegmentby actingover them. An interestingapproachis
presentedin [29], wheretheauthorssegmentthepresentationin correspondencewith slide
changesandthenusetranscriptionsof bothslidesandaudioin orderto ®nd what they call
topicalevents, i.e. pointsof theaudiowherethewordsin theslideoccurtogether.
Oneof themostcommonapplicationsof thesystemsanalyzingpresentationsis e-learning,
i.e. theuseof computerbasedtools to improve or facilitatedidacticactivity. Theworks in
this domaincanbe roughly divided into systemsthat try to capturethe experienceof stu-
dentsin a classroom(in otherwordsthey try to make attendinga lecturedirectly or through
a computer, equivalent)[35], [17], [23], [1], [19] andworks that areaimedat the ef®cient
transmissionof lecturesto studentsthatcannotattenddirectly (this domainis oftentde®ned
distancelearning) [34], [6]. The latteraspectis out of thescopeof this work andwe thus
analyzein thusmoredetailthe®rst kind of application.In [35], [17], theattentionis focused
essentiallyon the devicesusedto capturethe lectures.The main concernwhendesigning
an apparatuscapturingpresentationsis that it shouldbe very easyto activate(the speaker
is supposedto just pusha button), but at the sametime to be complex enoughto capture
all theinformationproducedduringthelecture.Complex devicescanallow very goodpro-
cessingbut they arepotentiallyexpensiveanddif®cult to manage,while simplesystemscan
bevery easyto manage(to activatea simplevideocameraa singlebutton is suf®cient),but
they canproduceunstructureddatathatrequiretheelaborationof complex processingsoft-
ware. In [1], [23], extensive experimentsperformedduringa courseshowed thata system
basedon videosandslidesallowedthestudentsto take moreadvantageof thelectures.The
systemwasevaluatedthroughthenumberof accessesto thewebsitewheretheinformation
wasstoredandthroughquestionaries.The main advantageprovided by the systemis that
thestudentscanavoid takingdetailednotesduringthecoursesandfocuson mainideasand
conceptspresentedby theteacher.
An importantapplicationthathasbeenexploredis summarization[10], [11], [14]. In [10],
the summaryis obtainedby simply eliminatingsilencesfrom the audiochannel. This re-
ducesthelengthof aspeechrecordingby 15-20percent.Thesameapproachis usedin [11],
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Figure2: Someexampleof slidesin thedatabase

but further compressionis achieved by selectingonly the ®rst secondsafter slide changes.
Suchtemporalsegmentsarein factassumedto summarizethecontentof thesegmentwhere
a certainslideis displayed.In [14], thesummarizationis performedby ®rst identifyingseg-
mentsbetweentwo slidetransitions,andthenby detectinggestures(e.g.pointingto speci®c
elementsin theslide)thatareassumedto berelatedto importantinformation.For eachseg-
mentcorrespondingto a singleslide,a few subsequencesrelatedto suchgesturesarethus
extractedto build thesummary.
Thepossibilityof creatingvideo-proceedingsfor conferenceshasbeenexploredin [2]. This
work is essentiallyaimedat theretrieval of speechsegments(theaudioof the talks is tran-
scribedwith anAutomaticSpeechRecognitionSystem)andthevideois usedto browsethe
retrievedsegmentsin orderto ®netunetheresultsof aquery.
Theonly work dedicatedto theretrieval of slidesin theliteratureis presented,to ourknowl-
edge,in [21]. The main limitation of the systemis, in our opinion, that it canaccessonly
proprietaryformatsof slides.Thismeansthatthesystemmustbeconstantlyupdatedin order
to follow theversionchangesof commercialsoftwarefor slideediting.Moreover, not all of
theavailableformatsarecoveredandsomeslideformatscannotbeaccessed.

3 Text recognitionsystem

Researchefforts on the extensionof OCR technologiesto documentssuchas imagesand
videostartedapproximately10yearsago.To theexceptionof someearlyworks,mostof the
researchin this®eld haveadopteda top-down approachto theproblem:text regionsare®rst
localizedin theimage,anda text recognitionsystemis thenappliedon theextractedregions
[13, 27, 33, 16,18]. Themethodwe employ in this articlefollows thesamescheme(see[5]
for a detaileddescription). In the next sections,we presentan overview of the method,
describingin moredetailtheaspectsthathavemoreimpacton theretrieval performance.

3.1 Text line detection

Thetext line localizationalgorithmhastwo components.The®rstoneconsistsin classifying
eachpixel of the imageinto eithertext or non-text. To achieve this task,verticalandhori-
zontaledgesareextractedusinga Canny edgedetector. Then,morphologicaloperatorsare
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a) b) c)

Figure3: Text line detectionprocess.(a)original image(b) potentialtext pixels(c) candidate
text lines

appliedto enforcethepresenceof bothedgetypesin regionslabeledastext. The imagein
®gure3bdisplaystheresultof thisstepappliedto theimageon theleft of Figure3.

Thesecondpartof thealgorithmaimsat identifying individual text lines from thegen-
eratedtext-labeledbinarymap. We performthis taskby searchingin a systematicway for
thetopandbottombaselinesof horizontallyalignedtext stringregionswith enoughdensity.
Theresultof this algorithmappliedon thebinary imageof ®gure3b is shown in ®gure3c.
As canbeseen,in thepresenceof structuredbackground,thedetectionprocessgeneratesa
certainnumberof falsealarms.Thesefalsealarmswill beeliminatedby identi®yingnoisy
transcriptionsgeneratedby therecognitionsystem,asdescribedin thenext section.

3.2 Text recognition

In this subsection,we ®rst presentan overall descriptionof the recognitionalgorithm,and
thenwe focuson thedifferentstrategiesusedto generatethetext transcript.

3.2.1 Overall scheme

A simpleapproachto performtext recognitionfrom localizedimagetext lines consistsof
theapplicationof abinarizationalgorithmon thetext imagefollowedby theuseof standard
OCRsoftware. Althoughthis approachcanbesuf®cient ro recognizethemajority of slide
text, it still leadsto many errorsdueto thefollowing two issues:

² thebinarizationprocesscanbeaffectedby the fact that thedistribution of gray-scale
levels in thetext region maynot bebimodal. This canhappendueto thepresenceof
a structuredbackgroundor layout,or becausethelocalizedtext is partof animage,a
drawing, or aplot.

² theexacttext sizeandtext font areunknown anddif®cult to estimatedueto thelimited
amountof availabletext (which rangesfrom two charactersto several words). As a
consequence,theOCRis confusedby similar-lookingcharacters(e.g. l, I, 1, i,: : :), and
its outputis sensitiveto theparametersof thebinarization/text segmentationalgorithm.

To addresstheseissues,we proposedin [5] a schemewhoseprinciple is illustratedin Fig-
ures4 and5, andworksasfollows: ®rst, a segmentationalgorithmthatclassi®esthepixels
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into K classesis appliedto the text image.Then,thesegmentationis exploited to produce
binary text imagehypotheses(e.g., by assumingthat a label, or a conjunctionof labels,
correspondsto the text layer). Theresultingbinary imagesarethenpassedthrougha post-
processingstepand forwardedto the OCR system,in this way producingdifferentstring
hypotheses,from which thetext resultis selected.
In thecurrentwork, we usedtheK-Meansalgorithmto performtheimagesegmentation,as
it wasshown to have similar performanceto morecomplex methodsbasedon Markov Ran-
domField [5, 32], anda connectedcomponentanalysisstepaspost-processing,to remove
regionscorrespondingto noise.More precisely, we only keepascharactercomponentsthe
connectedcomponentsthat satisfyconstraintson differentparameters,suchassize,aspect
ratio, ®ll-f actorandlocalizationwith respectto the text region boundaries.We thenapply
theOCRsoftwareon theresultingbinaryimagesto producethetext strings.Thealgorithm
thatselectstheresultfrom all theproducedtext stringsis describedin thenext section.
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3.2.2 Result selectionand transcript production

Theselectionof theimagetext transcriptfrom thesetof stringsgeneratedby thesegmenta-
tion steprelieson a con®dencevaluecomputedfor eachrecognizedstring. This con®dence
valueevaluationprocessexploitssomeprior informationontext stringsandontheOCRper-
formancebasedonlanguagemodeling(appliedtocharactersequences)andOCRrecognition
statistics.Fromaqualitativepointof view, thesystemworksby identifyingcharacterswhich
aremorereliablyproducedwhenthesegmentationis ideal(i.e. theoriginaltext is recognized
with noerror)thanwhenthesegmentationis noisy. For instance,whengiventext-likeback-
groundsor inaccuratesegmentations,theOCRsystemproducesmainly garbagecharacters
like ., ,!, & etcandsimplecharacterslike i,l, andr, whereascharacterslikeA or G arerarely
producedin thesesituations.
More formally, let T = (Ti ) i =1 ::l T denotea stringwherelT denotesthe lengthof thestring
andeachcharacterTi isanelementof thecharactersetT = (0; : : : ; 9; a; : : : ; z; A; : : : ; Z; Gb),
in whichGb correspondsto any othergarbagecharacter. Furthermore,let H a (resp.Hn ) de-
notethehypothesisthatthestringT or thecharactersTi aregeneratedfrom anaccurate(resp.
anoisy)segmentation.Thecon®dencevalueis estimatedusingavariantof thelog-likelihood
ratio:

Cv(T) = log
µ

p(HajT)
p(Hn jT)

¶
+ lT ¤ b = log( p(TjHa) ) ¡ log( p(TjHn) ) + lT ¤ b

when assumingan equalprior on the two hypothesesand b is a bias. We estimatedthe
noisefree languagemodelp(:jHa) by applyingthe CMU-CambridgeStatisticalLanguage
Modeling(SLM) toolkit on Gutenberg collections1. Thenoisylanguagemodelp(:jHn ) was
obtainedby applying the samesoftwareon a databaseof stringscollectedfrom the OCR
systemoutputwhile providing asinput to theOCReitherbadlysegmentedtexts or text-like
falsealarmscomingfrom the text detectionprocess.The useof the biasb is necessaryto
accountfor thestringlengthandavoid thecon®denceevaluationprocessto over-weightshort
stringswith only a few very reliableletters.Moredetailscanbefoundin [5].

Thecon®dencevaluecanbeusedfor two purposes.The®rstoneis therejectionof string
resultswhosecon®dencevalueis not high enough.This usageis extremelyusefulto ®lter
out falsealarmsin thedetectionstep. For instance,in theexampleof Fig. 3, 13 out of the
14 erroneouslydetectedregionsdid not produceany string with a con®dencevalueabove
the thresholdusedin our experiments.They werethusconsideredasnon-text regionsand
rejected.
The secondpurposeis the selectionof the ®nal text transcriptfrom the set of all strings
generatedby our multi-hypothesisapproach.In the experiments,we have consideredthe
threefollowing methodsto producethetranscript:

1. Trans2: in thiscase,weonly consideredasegmentationprocesswith K=2 classes,re-
sultingin thegenerationof two strings(onecorrespondingto thebinaryimagewhich
assumesbright characterson a dark background,and one basedon the reverseas-
sumption).Thestringwith highestcon®denceis usedasthetranscript.This strategy

1www.gutenberg.net
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correspondsto theusualbinarizationprocessusedin mostof thework on text recog-
nition.

2. TransBest : as shown in Fig. 4, the recognitionprocessis appliedthreetimes,by
segmentingtheimageeachtimewith adifferentK value.Speci®cally, weusedavalue
of K equalto 2, 3 and4. >From all the generatedtext string hypotheses,the string
with highestcon®denceis usedasthetranscript.In [5], this methodappliedto videos
wasshown to signi®cantlyimprovetherecognitionrate,atboththecharacterandword
level.

3. TransAll : in thecurrentapplication,thetranscriptsarenotintendedto bereadby peo-
ple. They will beusedfor slide indexing in a retrieval task. For suchanapplication,
the mostimportantpoint is to obtaina transcriptwith asmany slide wordsaspossi-
ble correctlyrecognized.To optimizethis criterion,we proposeto usethe following
strategy. >Fromthesetof text stringsobtainedfor a singlevalueof K (seeFig.4),we
keepthestringwith the highestcon®dence.In this way, we obtainthreetext strings
TK 2; TK 3 andTK 4. Then,we initialize the ®nal text transcriptTf inal with the most
con®dentof thesestrings. Finally, Tf inal is iteratively updated,by addingto it each
wordof thetwo otherstringsthatis notyet in thetranscript.With thisstrategy, wepal-
liate thesensitivity of theOCRengine,which sometimes,dueto thesmallamountof
text materialor to JPEGcompressiondistortionnoise,producesstringsfrom different
segmentationsthatonly differ by oneletter.

Thetranscriptsobtainedwith any of thesethreemethodswill beusedto index theslidesas
describedin thenext section.

4 Inf ormation Retrieval

InformationRetrieval is the taskof ®nding automaticallyin a large corpusthe documents
thatarerelevant to an informationneedexpressedthrougha query. The literatureproposes
severalapproaches(see[3] for a survey) andin this work we usetheso-calledVectorSpace
Model(VSM) which is themostsuccessfulandwidely applied.A systemfollowing suchan
approachis composedessentiallyof two parts.The®rst is de®nedof�ine andit is performed
only oncefor a givendatabase.Thesecondis calledonline, andit is performedeachtime
a queryis submittedto the system.The of�ine part performsnormalizationandindexing,
while the online part performsthe actualretrieval. The next two subsectionsdescribethe
stepsof theprocessin detail.

4.1 Normalization and Indexing

Normalizationandindexing composetheof�ine partof thesystem.Thenormalizationtakes
the raw dataas input and removes from it the variability which is not useful for the rest
of the process.It is composedof threesteps(preprocessing, stoppingandstemming) and
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it converts the original documentsinto streamsof terms. The indexing takesas input the
streamsof termsandconvertstheminto a form suitablefor theretrieval process.In thecase
of theVSM, thedocumentsarerepresentedasvectorswhereeachcomponentaccountsfor
a termof thedictionary(thelist of uniquetermsappearingin thecorpus).At theendof the
indexing, thedocumentvectorsarearrangedin theterm-by-documentmatrix A whereeach
columncorrespondsto adocumentandeachline correspondsto a term.
The®rst normalizationstepis thepreprocessing, which simply removesall non-alphabetic
characters(punctuationmarks,parentheses,digits, etc.) from the text. Suchsymbolsare
removed becausethey aresupposednot to carry any usefulinformation. After the prepro-
cessing,the original documentshave beentransformedinto streamsof wordsandthey are
givenasinput to thestopping, i.e. theremoval of all of thewordsbelongingto a prede®ned
setcalledstoplist [8]. The stopwords (i.e. the wordsof the stoplist)aretypically articles,
prepositions,pronounsandotherwordsthatplay a functionalratherthansemanticrole. In
otherwords,thestopwordsareneededto make a sentencegrammaticallyandsyntactically
correct,but they arenot representative of the sentencecontent. In somecases,the stoplist
cancontainwordsthatarevery frequent(e.g.informationandretrieval in a collectionof IR
articles).Thereasonis thata word appearingin mostof thedocumentsof a collectiondoes
not helpto discriminatebetweenthem.While a stoplistcontainingonly functionalwordsis
generalandit canbeappliedto any kind of data,a stoplistenrichedwith themostfrequent
wordsof a speci®ccorpusbecomesdatabasedependentandcannotbe usedfor othercor-
pora[8]. In this work, we useda genericstoplistcontaining384words.After thestopping,
thenumberof wordsin acorpusis reduced,onaverage,by 30-50percent.
The normalizationis completedby performingthe stemming, i.e. by replacingall of the
wordswith their stem(e.g. connection, connectedandconnectionarereplacedwith con-
nect). Therationalebehindthestemmingis thatthemeaningof thewordsis carriedby their
stemratherthanby their morphologicalvariations[9]. In this work we usedthewidely ap-
plied Porterstemming[24] resulting,on average,in a reductionby around30 percentof the
lexiconsize.
After thenormalization,theoriginal documentshave beenconvertedinto streamsof terms.
This is not yet a form suitablefor theretrieval processandit is necessaryto performindex-
ing in orderto representthedocumentsasvectors.Indexing canbeseenasthe®lling of a
term-by-documentmatrix A whereeachcolumncorrespondsto a documentandeachrow
correspondsto a termin thedictionary. An elementaij of A canbewrittenasfollows:

aij = L(i; j ) ¢G(i ): (1)

While G(i ) dependsonly on a term i , L(i; j ) dependson both a term i anda documentj .
For this reason,G(i ) canincludeinformationextractedfrom thewholecorpusandis called
global weight,while L(i; j ) canonly includeinformationcomingfrom a singledocument
andis called local weight. The weightingschemeplaysan importantrole in the retrieval
process[7] anda largenumberof alternativeshave beenproposedfor bothG(i ) andL(i; j )
(see[26] for a survey). In this work we appliedtheso-calledOkapi formula [25] which is
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themosteffectiveandwidely appliedin currentstate-of-the-artsystems:

aij =
tf (i; j ) ¢log

³
N
N i

´

k ¢[1 ¡ b+ b¢N DL(j )] + tf (i; j )
(2)

wheretf (i; j ) is thenumberof timestermi appearsin documentj (thetermfrequency), N
is thetotal numberof documentsin thedatabase,N i is thenumberof documentscontaining
term i , k andb arehyperparametersandN DL(j ) is the normalizeddocumentlength(the
lengthof j divided by the averagedocumentlengthin the database).The logarithm is re-
ferredto asinversedocumentfrequency(idf) andgivesmoreweight to thetermsappearing
in few documentsbecausethey aresupposedto bemorediscriminative.
Theprocessingstepsdescribedin thissectionareperformedonly oncefor agivendatabase.
Thenext sectiondescribeshow thematrix A is usedin theactualretrieval process,i.e. how
therelevantdocumentsareindenti®edwhenaqueryis submittedto thesystem.

4.2 Retrieval

Oncethedocumentdatabasehasbeenindexed, thesystemcanperformtheactualretrieval
task. Eachtime a queryis submitted,the systemcalculatesa scorecalledRetrieval Status
Value(RSV) for all of thedocuments.Thedocumentscanthenberankedaccordingto their
RSV (the betterthe RSV, the higherthe position)andthe documentsrelevant to the query
areexpectedto occupy thetoppositions.
TheRSV expressionmostlydependson the indexing techniqueappliedand,in thecaseof
Okapi,it is thesumof theindex valuescorresponding,for a givendocumentd, to thequery
terms:

RSV(q; d) =
X

t2 Q

atd (3)

whereQ is thesetof thetermscontainedin thequeryq, andatd is anelementof theterm-by-
documentmatrixA. Sincethevalueof atd is zerowhentermt doesnotappearin document
d, theabove RSV expressiontendsto behigherwhend andq sharemoreterms.However,
not all of the commontermscontribute in the sameway. The presenceof tf (t; d) at the
numeratorof atd (seeEquation2) givesmoreweightto thetermsappearingmoretimesin d
(they aresupposedto bemorerepresentativeof its content).Theinversedocumentfrequency
makesthe contribution of termsappearingin few documentshigher(they aresupposedto
be morediscriminative). The main limit of suchan approachis that long documentstend
to have higherscoresbecausethe probabilityof sharingtermswith a queryis higher[28].
Thepresenceof theNDL in Equation2 is aimedatsmoothingsuchaneffectby reducingthe
contributionof termsbelongingto longertexts.

4.3 Evaluation

This sectionpresentsthemetricsusedto assesstheretrieval performancein this work. Sev-
eralmeasuresareavailablein theliterature,but noneof themprovidesanexhaustivedescrip-
tion of theretrieval results[3]. Moreover, dependingon theapplication,somemeasurescan
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bemoreappropriatethanothers.For theabove reasons,in orderto give a completedescrip-
tion of thesystemperformance,weapplyseveraldifferentmeasures.
Given a queryq, the setof the documentsrelevant to it is R(q) and the setof the docu-
mentsidenti®edasrelevantby thesystemis R¤(q). Thetwo fundamentalmeasuresin IR are
Precision:

¼(q) =
jR(q) \ R¤(q)j

jR¤(q)j
(4)

andRecall:

½(q) =
jR(q) \ R¤(q)j

jR(q)j
: (5)

Precisioncanbeconsideredastheprobability thata documentidenti®edasrelevantby the
systemis actuallyrelevant, while Recallcanbe thoughtof asthe probability of a relevant
documentbeingidenti®edassuchby the system.The valueof ¼(q) is often calculatedin
correspondenceof aprede®nedsetof ½values(typically 10,20,: : :, 100percent)resultingin
thesocalledPrecisionvsRecallcurves.In orderto obtainsuchacurvefor aquerysetrather
thanfor a singlequery, it is possibleto performa macroaverage, i.e. for eachprede®ned
valueof ½theplottedPrecisionis theaverageof the¼valuesobtainedfor differentqueries:

¼M =
1

jTj

X

q2 T

¼(q) (6)

whereT is thequeryset.
The Precisionvs Recallcurvesgive an overall view of the retrieval performance,but they
aredif®cult to usein comparisonsbetweendifferentsystems.For this reasontwo different
techniqueshave beenproposedin orderto obtaina singlenumberassumedto berepresen-
tative of the whole curve [3]. The ®rst leadsto the Average Precision(avgP) andconsists
in calculatingthe averagevalueof the Precisionalongthe curve. The secondleadsto the
BreakEvenPoint (BEP) andconsistsin calculatingthe Precisionat the curve point where
¼(q) = ½(q). The BEP canbe easilyobtainedby measuringthe Precisionat the ranking
positioncorrespondingto thenumberof relevantdocumentsjR(q)j. In fact,if ¼(q) = ½(q),
thenjR¤(q)j = jR(q)j (seeEquations4 and 5). An idealsystem(i.e. asystemableto putall
of therelevantdocumentsatthetopof theranking)hasBEP100percent.ThelowertheBEP,
themorea systemis far from suchan idealsituation.Both avgPandBEPcanbeaveraged
over all of thequeriesin a setT in orderto evaluatea retrieval taskcomposedof different
queries.
Sincemostof the IR systemsprovide theuserwith the rankingof thedocuments(ordered
following their RSV), theevaluationcanbeperformedin termsof Precisionat positionN ,
i.e. thepercentageof relevantdocumentsin the®rstN positionsof theranking.Suchamea-
sureis closelyrelatedto theperceptionof theusersthat typically, aftersubmittinga query,
checkthedocumentsfollowing therankingprovidedby thesystem.Themorerelevantdocu-
mentsappearat thetopof theranking(i.e. thehighertheprecisionatpositionN ), thebetter
theuserperception.A differentPrecisionat positionN plot canbeobtainedfor eachquery
in asetT andthen,throughamacroaverage,asingleplot canbeobtainedfor T asawhole.
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Figure6: Numberof slides.Theplot reportsthenumberof slidescontainedin eachpresen-
tation.

A differentevaluationmetric is usedwheneachqueryhasonly a singlerelevantdocument
(sucha taskis often referredto asKnownItem Search). In this case,what is importantis
therankingpositionoccupiedby therelevantdocuments.For this reason,theevaluationis
madeby calculating(for a setT of queries),the percentageof timesa relevant document
appearsin thetop, top two, : : :, top N positionsof theranking.Theresultis thecumulative
distributionof therankingpositionsof therelevantdocuments.

5 Experimentsand Results

This sectionpresentstheexperimentsperformedin this work. Theslidesdisplayedduring
a conferencehave beenacquiredwith a framegrabberandtranscribedwith theOCRsystem
describedin Section3. The IR systempresentedin Section4 was then usedto perform
severalretrieval tasks.In thenext subsectionstheslidedatabase,theOCRperformanceand
theretrieval experimentsarepresentedin detail.

5.1 The data

Theslidedatabaseusedin thiswork hasbeencollectedduringaconference(MachineLearn-
ing in MultimodalInterfaces,MLMI) heldin June2004[4]. Theslideauthorswerenotaware
of ourexperimentsandthey preparedtheir slideswithout respectingany constraint.In other
words,thedatawasnotcreatedin a laboratory, but collectedin a realworkingenvironment.
They thusrepresenta realisticbenchmarkwith respectto similarsituations.In total,wecol-
lected26presentationscontaining570slides(thenumberof slidesperpresentationis shown
in Figure6). Theaveragenumberof slidesis 21.9(minimumandmaximumare6 and63re-
spectively). All of theslideshavebeenacquiredwith a framegrabber(i.e. adevicecapturing
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Figure7: Cumulative slide lengthprobability distribution. The plot shows the cumulative
probability distribution of the numberof termsper slide. The distribution curve for the
TransAll transcriptionis lower thantheothersincetheuseof multipleOCRoutputstendsto
make thedocumentslonger.

theimagesdisplayedthroughaprojector)andcompressedin jpeg, resultinginto 570images
of dimension1036£ 776pixels(91.2dpi resolution).
Thetext containedin thepresentationshasbeentranscribedin threedifferentways.The®rst
is by manuallytyping thecontentof theslides(this versionis usedasreferenceandwill be
referredto asmanual). Thesecondis by applyingthedifferentversionsof theOCRsystem
describedin section3 to theslideimagescapturedthroughtheframegrabber(thetranscrip-
tionswill bereferredto asTrans2, TransAllandTransBest). Thethird is by usingsoftware
converting the electronicversionsof the slides(i.e. the Powerpointor PDF ®les) into text
(thisversionwill bereferredto asAPI).
Figure7 shows the cumulative distribution of slide lengths(after stoppingandstemming).
The numberof termsis an importantparameterbecausethe probability of a relevant doc-
umentbeingidenti®edassuchby a retrieval systemtendsto increasewith its length[28].
Thereasonis that if a documentcontainsmany terms,theprobability thata querycontains
oneof themis higher. This canbe an importantsourceof problemsfor this work because
slidescontainoften ®gures,plots,picturesandotherkinds of visual informationthat limit
theamountof spaceleft to text. Theaveragenumberof termspersliderangesin fact from
33.6(Trans2)to 48.3(TransAll)while it is 217.1(» 4 to » 7 timeshigher)for theWall Steet
JournalCorpus[22] (oneof themainIR benchmarks).
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slide presentation database
OCRmethod TR TP TR TP TR TP

Trans2 72.4 77.3 67.5 77.0 71.4 77.4
TransBest 77.0 78.4 72.6 77.3 76.7 79.0
TransAll 80.9 65.5 76.2 62.3 80.8 62.0

API 81.1 89.5 75.3 87.1 80.8 88.9

Table1: TermrecallTR andtermprecisionTP averagedotherslidedocuments,presenta-
tion documents,or computedon thewholedatabase.

5.2 OCR performanceevaluation

In this sectionwe evaluatethe quality of the OCR transcripts. To do so, we consideras
performancemeasuresthetermrecallTR andtermprecisionTP, whicharede®nedby:

TR(d) =
P

t min (tf ?(t; d); tf (t; d))
P

t tf (t; d)
(7)

and

TP(d) =
P

t min (tf ?(t; d); tf (t; d))
P

t tf ?(t; d)
(8)

where tf (t; d) denotesthe numberof times the term t really appearsin the document
d (d will be eithera slide, a presentation,or the whole database),and tf ?(t; d) denotes
thenumberof timesthetermt appearsin thetranscriptof thedocumentd. Thetermrecall
canbeinterpretedasthepercentageof termsin thedocumentthathavebeencorrectlyrecog-
nizedby theOCR,while thetermprecisionindicatestheproportionof recognizedtermsthat
areactuallytrue. Although the useof word recall or word precisionmeasureswould have
re�ected moredirectly the intrinsic OCR performance,the useof the term recall andterm
precisionmeasuresis moreadequatein our context. In fact, from a retrieval point of view,
we do not carefor instancewhetherstopwordswerewell recognizedor not, asthis hasno
in�uence on our task. Hence,while still beingcharacteristicof the OCR performance,we
canexpecttheproposedmeasuresto reveal thediscrepancy existing betweenthedocument
representationsusedin theretrieval processandbuilt from eitherthetruetranscript(we use
themanualannotationasreference)or from theAPI or OCRtranscripts.

Table1 providestheaveragetermrecallandprecisioncomputedover eitherslides,pre-
sentationsor on the whole database.The overall valuesaregood,showing that around3
out of 4 termsarecorrectlyrecognizedby theOCRsystems,which meansanaverageof 25
correcttermsperslidedocument.Thesenumbers,however, hidealargerecognitionvariance
dependingon the slide type. While slidescontainingplain text only usuallyhave term re-
call above85%,slidescontainingimages,plotsor screenshotshave lowerandmorediverse
TR values.This diversityof recognitionaccordingto theslide typecanbeappreciatedby
lookingatthedistributionof theslideTR, Figure8: while morethan50%of theslideshavea
termrecallhigherthan85%,10%of themhaveatermrecalllowerthan50%.It is interesting
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Figure8: Cumulativedistributionof theTermErrorRate(TER),de®nedas1¡ TR, over the
slidedocuments.
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Figure9: Termrecallvaluecomputedfor eachpresentation.

to notethatthedifferenttypesof slidesarenot evenly spreadacrosspresentations.This can
be illustratedby looking at thevariabilitiesin theperformancecomputedperpresentation,
shown in Figure9. In theextremecaseof the5th presentation(aboutMountains,Learning
MediaandInteraction),11 out of the22 slidescontainonly geographicalmaps,with many
namesembeddedin clutter, andfew wordsin the remainingslides. Therefore,thenumber
of hardto recognizetermslargely dominates,leadingto the poor term recall we reported,
between18and23%.As otherdif®cult cases,presentation10and11containscreencaptures
of dialogueinterfaces(presentation10)andmeeting/presentationbrowsers(presentation11)
comprisinglargeamountof small sizetext corruptedby jpeg noise,conductingto medium
recognitionrates. At the otherendof the spectrumpresentationslike the 16th or the 23rd
containmainly slideswith text andtheOCRachievesup to 90%termrecallon these.All-
together, theseexamplesillustratethatpresentersmayhave completelydifferentstyleswith
someof thembeingmore'visual', or thattherearedifferentpresentationstypes(e.g.presen-
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tationreportingonly facts).It is thusimportantto build a systemthatis ableto handlethese
differentkindsof presentations.

Thecomparisonof theOCRperformancewith theAPI resultsshows thatthedifference
betweenthetwo methodsis not so largeoverall. While theOCRtranscriptionsarenoisier,
as indicatedby the lower term precision,the term recall of the bestperformingOCR is
equivalentto the API one(cf Table1). Still, asexpected,the API andOCR systemshave
differentbehaviours. While theAPI is almosterror-lesson text slides,it missesmostof the
text on slideswith images,diagramsor plots,andperformssomeerrorson these.This can
beobservedby notingthedifferencesin theperformanceperpresentation,Figure9, which
dependson the contenttype, ascommentedin the previous paragraph.Alternatively, we
cannoticethis from the curvesin Figure8, which show that the API is performingbetter
on slideswith high term recall -mainly text slides-,but performworseon the slideswith
mediumto low TR valuestypicalof slideswith embedded®gures.

Finally, comparingthedifferentOCRsystemsbetweeneachother, we candraw thefol-
lowing conclusions. First, the standardapproachconsistingof binarizing the text image
(Trans2,see3.2.2) is not performingaswell as the two othermethods.For instance,the
methodthat considersalternative numbersof grayscaleclassesin the input text imageand
selectsthebestOCRoutput(TransBest)from thesetof generatedcandidatestringsimproves
signi®cantly(by approx. 5%) the termrecallwith respectto theTrans2OCR,without any
degradationin thetermprecisionmeasure.This demonstratesthevalidity of boththeuseof
themulti-classstrategy andthestringselectionscheme.Second,comparedwith theTrans-
Bestapproach,theTransAll strategy further improvesthe termrecall (by approx.4%), but
this is doneat theexpenseof thetermprecision,which dropsby around16%,from 78%to
62%. This effect is understandable,asthis methodconsistsof addingcomplementarytran-
scriptsfrom differentmulti-classsegmentations.A neteffect is to producelongertranscripts
(cf previous section)in which the additionalterms(w.r.t. TransBest)are lessreliable. A
grossanalysisof thenumbersindicatesthatonly 20%to 25%of theaddedtermsareindeed
correct. However, asmostof the erroneousaddedtermsdo not correspondto true terms,
andarenot susceptibleof beingpartof a query, their impacton theRetrieval StatusValue
of documentsfor a givenqueryshouldbenegligeablein principle. Hence,from a retrieval
point-of-view, suchastrategy shouldleadto betterresults.

5.3 The Retrieval Tasks

The effectivenessof a retrieval systemis measuredthrougha retrieval task, i.e. a set of
queries(designedto evaluatea certainaspectof the systemperformance)andrelatedrele-
vancejudgements(thelist of thedocumentsrelevantto eachquery).In thiswork, wecreated
threeretrieval tasksthatwill be referredto asgeneral, author andimage respectively. The
®rst is composedof querieswritten in naturallanguage(e.g.multimodalinteractionin meet-
ings) andaimedat ®ndingall documentsconcerninga certaintopic (thedocumentsrelevant
to eachqueryhave beenidenti®edby humanassessors).This taskmeasuresessentiallythe
qualityof thematchingmeasureusedto calculatethesimilarity of queriesanddocuments.
The secondtaskusesasquerythe last namesof the authorsanda slide is consideredrel-
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Task queries < length> < relevant>
general 46 3.5 6.4
author 72 1 2.4
image 85 3.6 1

Table2: Retrieval tasksstatistics.This tablereports,for eachretrieval task,thenumberof
queries(secondcolumn),the averagequerylength(third column)andthe averagenumber
of relevantdocuments(fourthcolumn).

evant if it containsthe nameusedasquery. This taskis essentiallya keyword searchand
it is designedto measurethe effectivenessof the OCR system.In fact, if the authorname
is correctlytranscribed,the relevantslide is certainlyretrieved,while if theauthornameis
misrecognized,the relevant slide is certainlymissed. The useof the whole setof author
namesavoidsthepotentialbiasdueto arbitraryselectionof keywords.
Thethird taskis built by usingasqueriesa list of termsappearing,for a givenslide,in ®g-
ures,but not in the text of that slide (e.g. the axis labelsof a plot whenthey appearonly
in theplot). Thetaskhasbeencreatedby randomlyselecting85 ®gurescontainingtext and
by extractingfrom eachof thema few keywords. All of the keywordsappearonly in the
®gureandnot in the text appearingin the sameslide. The goal of this taskis to measure
theeffectivenessof theOCRin capturingnot only themainbodyof text introducedin the
slide (easilyaccessiblethroughprogramsconverting electronicversionsof the slidesinto
text), but alsothetext appearingasabitmapin the®gures.For eachquery, weconsideredas
relevantonly theslidescontainingtheimagethekeywordswereextractedfrom.
Table2 reports,for eachtask,the numberof queries,the averagequerylength(in words)
andtheaveragenumberof relevantdocumentsperquery. Thequerylengthis animportant
parameterbecauselong queriestendto have betterresults.Theuseof too many keywords
makesit in fact moreprobableto matchthe termsin the slidesleadingto unrealistichigh
performance.The averagenumberof relevant documentsper querygivesan ideaof how
hardis theretrieval task:thelower thepercentageof thecorpusaccountedby thedocuments
relevant to a query, the lower the probability of retrieving themby chance.A taskis con-
sidereddif®cult whenno more than2 percent(or less)of the documentsare relevant, on
average,to a query[3]. Sucha conditionappliesto all of theretrieval tasksproposedin this
work.

5.4 GeneralTaskResults

This sectionpresentsthe resultsobtainedover thegeneraltask(seeSection5.3). Thegoal
of this taskis to ®nd all of thedocumentsin thecorpusthatarerelevant to the information
needexpressedthrougha naturallanguagequery. Figure10 reportsthePrecisionvs Recall
curves. The Precisionachieved is higheron manualandAPI transcriptions(especiallyat
high Recall) thanon OCR basedtranscriptions.On the otherhand,from a user's point of
view, sucha differencedoesnot requiretoo muchadditionaleffort in order to ®nd all of
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Figure10: General.Theplot shows thePrecisionvs Recallcurvesfor thegeneraltask.The
curvesarereportedfor bothmanualandautomatictranscriptions.

therelevantdocuments.At ½=50 percent,the¼valuesrangefrom 65.1percent(Trans2)to
77.8percent(API). Sincethe averagenumberof relevant documentsper queryis 6.4 (see
Table2), this meansthat the ®rst 3 relevant documentscanbe found in the top 4 (API) to
5 (Trans2)positions.In otherwords,in orderto ®nd half of therelevantdocuments,a user
mustbrowse,onaverage,four documentswhenusingtheAPI andmanualtranscriptionsand
®ve documentswhenusingthe OCR basedtranscriptions.This meansthat in the caseof
theOCRtranscriptions,theusermustbrowseonly oneadditionaldocument(on average)in
orderto have thesameperformanceasin thecaseof themanualor API transcriptions.
By applyingthe sameconsiderationsfor the ½=100percentpoint, it is possibleto saythat
thenumberof documentsto bebrowsedalongtherankingin orderto ®nd all of therelevant
documentsis 11 for manualandandAPI transcriptions,14 for the TransAll transcription
and17 for Trans2andTransBesttranscriptions.Sincemostof theIR interfacespresentthe
retrieval resultsin pagescontaining10 documents(this is thecasefor themostpopularweb
searchengines),this meansthatall of thetranscriptionsrequiretheuserto go to thesecond
pagein orderto ®nd all thedocumentss/heneed.Theadditionaleffort requiredto theuser
becauseof therecognitionerrorscanthusbeconsidered,in ouropinion,acceptable.
This canbemoreeasilyobserved in thePrecisionat top N curves(seesection4) shown in
Figure11. Theplots reporttheaveragepercentageof relevantdocumentsappearingin the
®rst N positionsof therankingafter theretrieval process.Thedifferencesarenever higher
than10percent.At N=5, the¼valuesrangefrom 44.7(Trans2)percentto 52.3(API) percent
andthis meansthat the averagenumberof relevant documentsin the ®rst ®ve positionsis
between2.2 (Trans2)and2.6 (API). Thesamedifferencecanbeobservedat N=10, where
the averagenumberof relevant documentsgoesfrom 3.3 (Trans2)to 3.8 (API). The per-
formanceof thesystemin thetop rankingpositionsis thusonly moderatelyaffectedby the
presenceof therecognitionerrors.
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Figure11: PrecisionatPositionN. The®gureshowsthePrecisionatPositionN plotsfor the
differenttranscriptions.

Transcription AvgP(%) BEP(%)
manual 71.3 63.4
TransAll 66.0 58.7
Trans2 60.6 55.3
TransBest 62.3 58.1
API 72.8 65.8

Table3: AveragePrecisionandBreakEven Point. This table reportsthe AvgP andBEP
valuesachievedfor thegeneraltaskwhenusingdifferenttranscriptions.

Similar conclusionscanbe drawn from the AvgP andBEP (seesection4) valuesreported
in Table3. Thehighestperformancedifferencein termsof AvgP is 12.2percent(between
Trans2andAPI), but if we considerthebestOCRtranscription(TransAll) thedifferenceis
only 6.8percent.Thismeansthat,onaverage,ateachRecalllevel, thenumberof documents
to bebrowsedis increasedby only 6.8 percentwhenpassingfrom theAPI to theTransAll
transcription.Similar considerationscanbemadefor theBEPwhichaccountsfor thePreci-
sionat therankingpositionequalto thenumberof relevantdocuments(seesection4). The
highestdifferenceis 12.5percent(betweenTrans2andAPI) and,sincetheaveragenumber
of relevantdocumentsis 6.4,it correspondsto 0.8documents.
All of theperformancemetricsusedshow thatthedegradationintroducedby theOCRerrors
leadsto moderateeffectson the rankingproducedby the retrieval system.For this reason
the impacton theusereffort requiredto collect thewholesetof relevantdocumentsis not
signi®cant. The OCR basedtranscriptionscan thusbe a reliablealternative to the useof
APIs to extractthetext from slideswhenthegoalis to performretrieval.
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Transcription Recognition(%) Retrieved(%)
manual 88.7 88.7
TransAll 87.6 90.3
Trans2 82.5 87.5
TransBest 84.8 87.5
API 86.9 86.9

Table4: Author taskresults. This table reportsthe percentageof authornamescorrectly
recognized(secondcolumn)andthenumberof relevantdocumentsgivenanRSV different
from zero(third column).

5.5 Author TaskResults

In theauthortask,thequeriescorrespondto the lastnamesof theauthorsappearingon the
®rst slide of eachpresentation(eachnameis usedseparately).Eachslide containingthe
nameof an authoris consideredrelevant to the correspondingqueryandthe taskis thusa
keywordsearchratherthanaretrieval experiment.Theinterestof suchataskis thatit allows
a moreexplicit evaluationof the effect of transcriptionerrors. In fact,a relevant slide can
beretrievedif andonly if thekeyword in theslideis correctlyrecognized.The®nal perfor-
manceis thusdeterminedessentiallyby thetranscriptionqualitywhile in thegeneraltaskan
importantrolewasplayedalsoby theretrieval algorithms.
Table4 shows the percentageof authornamesthat have beentranscribedin the sameway
asthey appearin their correspondingqueryafter normalizationandindexing. Even in the
caseof the manualandAPI transcriptions,somenamesarenot correctlytranscribed.The
reasonis thepreprocessing(seesection4). Somenamesarewritten on theslidesusingthe
initial of the®rst namelike in J.Smith. Thepreprocessingremovesthepointsandtransforms
suchanexpressioninto jsmith. Thereasonis that thepointsoftenappearin acronyms(e.g.
U.S.A.) that mustbe kept asa singleterm. Sincethe query is the last name(Smithin the
caseof the example),this leadsto someerrorsalsofor for manualandAPI transcriptions.
In thecaseof theAPI, somemoreerrorsaredueto thepresenceof fontsandsymbolsthat
createproblems.TheOCRtranscriptionsareaffectedby thesamepreprocessingeffectsand
by somemisrecognitions.

In a keyword searchtask, the relevant documents(i.e. the documentsthat containthe
keyword submittedasquery)appearalwaysat the top of the rankingandthey aretheonly
documentswith anRSV differentfrom zero.For this reason,thePrecisionvs Recallcurves
arenot appropriateandit is betterto use,asa measureof theperformance,thepercentage
of relevantdocumentsthatareretrieved(i.e. thathave a RSV differentfrom zero),which is
reportedin Table4. While in thecaseof API andmanualtranscriptionsthis simply corre-
spondsto thepercentageof correctlyrecognizedkeywords,in thecaseof theOCRsystems
thereis a small improvementdueto thefactthatpointsaresometimesrecognizedasspaces
(J.Smithis thustranscribedasJ Smith) andthepreprocessingproblemdescribedabovedoes
not takeplace.
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Transcription Retrieved(%)
manual 98.8
TransAll 88.2
Trans2 76.5
TransBest 87.0
API 45.9

Table5: Percentageof retrievedrelevantslides(imagetask).This tablereportsthepercent-
ageof slideswhereat leastoneof thequerytermsembeddedin ®gureshave beencorrectly
recognized.

Also in this task,theuseof OCRtranscriptionsleadsto retrieval performancescomparable
with thoseobtainedovermanualandAPI transcriptions.

5.6 ImageTaskResults

In the mostcommonslidewares,the text canbe insertedonly throughappositefunctions.
This allows oneto storethe text as it is typedby the slide authorandto avoid (if an API
is available) a recognitionprocessin order to extract it. For this reason,the API based
convertersleadto transcriptionsthat arealmostexemptof errors. On the otherhand,the
authorsinsertmany texts through®gures(diagrams,plots,maps,logos,etc.) thatareoften
representedasbitmapsandwherethewritten informationmayonly beaccessedthroughan
OCRprocess.Thegoalof theimagetaskis to measuretheeffectivenessof theOCRsystem
usedin thiswork in accessingtextual information.
For eachquerywe considerto be relevant only the slide containingthe ®gurefrom where
it hasbeenextracted.In somecases,thequeriescontaintermsthatarepresentalsoin other
slides,so the relevant queryis not alwaysat the ®rst positionof the ranking. At the same
time, if all of the querytermsareincorrectlyrecognized,the relevant slide is given a null
RSV and it is not retrieved. Table 5 reportsthe percentageof relevant slideswith RSV
higherthanzero,i.e. whereat leastoneof the querytermshasbeencorrectlyrecognized.
Theresultsshow that theOCRis almosttwice aseffective astheAPI in extractingthetext
in pictures. The reasonis that the API cannotrecognizethe texts availableasbitmapsin
embeddedpictures,while theOCRcan.
Thesamedifferencecanbeobserved in the retrieval results.Theplots in Figure12 show

the percentageof relevant documentsranking in the ®rst N positions. The curvescanbe
alsointerpretedasthe cumulative probability distributionsof relevant documents'ranking
positions.Therelevantdocumentis at thetop of therankingaround80 percentof thetime
for themanualtranscriptions,around55percentof thetimefor theOCRbasedtranscriptions
andaround35 percentof the time for the API. At the tenthposition(i.e. at the endof the
®rst resultspagein many IR systemimterfaces),thepercentageof relevantdocumentsrises
to 94.1 percent,80 percentand43.5 percentfor manual,TransAll andAPI transcriptions
respectively. TheOCRis thusalmosttwo timesmoreeffective thantheAPI basedsystemin
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Figure12: Fractionof relevantdocumentsat positionN. Theplotsreportsthepercentageof
relevantdocumentsappearingat the®rst N positionsof theranking.

indexing thetext containedin ®gures.

6 Conclusions

Presentationslidesrepresentavaluablesourceof information.They areoftentheonly record
left after a presentationis given and they areusedmoreandmore to replacereportsand
memosasa meanof communicationin largeorganizations[30]. Limited efforts have been
made,to ourknowledge,to index andretrievethemin orderto effectively usetheinformation
they contain.This paperpresentedretrieval experimentsperformedover slidetranscriptions
obtainedby ®rst capturingtheslide images(with a framegrabber)andthenby applyingan
OCR process.The resultsshow that the transcriptionerrorsaffect only to a limited extent
theretrieval results.In otherwords,theperformanceachievedonsuchtranscriptionsis close
to the oneachieved over transcriptionsobtainedwith an API basedsystemableto capture
withouterrorsthetext insertedin slides.Moreover, theOCRbasedsystemoutperformssig-
ni®cantly the API basedonein extractingandcapturingthe text embeddedin ®guresand
images(oftennotaccessibleto APIs).
Theuseof anOCRratherthanAPI basedtranscriptionsystemhasat leasttwo mainadvan-
tages.The®rst is that theAPIs areexpensive andneedto bechangedeachtime a different
slideware is usedto createthe presentation.Moreover, proprietaryformatsaresubjectto
changeandthis makestheAPIs obsoleteaftera relatively shortlifespan.TheOCRprocess
is robust to theabove problemsbecauseit workson slide imagesstoredin a format (jpg in
our case)independentof theslidewareusedto createthepresentations.Thesecondis that
theuseof anOCRprocessallows oneto index thetext (mostlynot accessibleto APIs) em-
beddedin ®gures.
Thesystempresentedin this papercanbe thestartingpoint for severaldirectionsof future
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work. The®rst is to usetheslidesto index thetalkswherethey have beenused.In factthey
canbe synchronized(throughthe framegrabber)to video segmentsrecordedwith a video-
camera.By retrieving theslidesit will be thuspossibleto retrieve thecorrespondingvideo
segments.The secondis to enrichthe slide indexing with informationsourceslike layout
(bullett lists, positionof the text with respectto images,etc.),presenceof visual elements
(images,plots,diagrams,etc.),animations,videos,etc..Moreover, theslidescanbeusedto-
getherwith otherinformationstreams(e.g. thespeechrecording)to index thepresentations
they areextractedfrom.
Theabovepossibilitiesfor futurework arefar from beingexhaustiveandtheinvestigationof
theproblemcanleadto new applicationsnot consideredsofar. This is, in our opinion,one
of themostinterestingaspectof ourwork.
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