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Abstract. Presentationarebecominganincreasinglynorecommonmeansof commu-
nicationin working ervironmentsandslidesareoftenthenecessargupportingnaterial
onwhichthepresentationsely. In this paperwe describea slideindexing andretrieval
systemin which the slidesare capturedasimages(througha framegrabber)at the mo-
mentthey aredisplayedduringapresentatiomndthentranscribedvith anOCRsystem.
In this contet, we shav thatsuchanapproactpresentseveraladvantage®vertheuse
of commercialsoftware (API based)}o obtainthe slide transcriptions.We reporta set
of retrieval experimentsconductedon a databasef 26 real presentation$570 slides)
collectedat a workshop. The experimentsshawv thatthe overall retrieval performance
is closeto that obtainedusing either a manualtranscriptionof the slidesor the API
software. Moreover, the experimentsshowv thatthe OCR basedapproachoutperforms
signi cantly the API in extractingthetext embeddedh imagesand gures.
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1 Intr oduction

Presentationsnd talks are commoneventsin mary working ernvironments(companies,
schoolsconferencesetc.). They oftenrepresent valuablesourceof information,but their
contentis dif®cult to store. In mostcasesafter the presentations given, no recordis left
andmostof the information provided by the spealer is lost. The mostsimple solutionfor
sucha problemis to recordthe talks (with camerasand microphones)ndthento make
themavailableto potentialuserswithout furtherprocessindthe so-calledRecod and Play-
bad approach35]), but the resultingmaterialquickly becomedif®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 recordingsegmentg17], [34]. For theabove reasonstherehave beenseveralresearch
efforts in orderto develop effective indexing and browsing techniquesallowing oneto go
beyondthesimpleRecordandPlaybackapproach(seesection2).

Most of the literaturefocusesto our knowledge,on so-calledinstructionaltalks i.e. pre-
sentationdasedon slidescontaining,in a conciseform, the coreinformationcorveyed by
the spealer. The useof slidesdoesnot represent restrictve constraintsinceit is com-
mon in a wide spectrumof situationsandit representshe rule ratherthanthe exception.
In sucha frameawork, it is possibleto include (the list is not exhaustve) the processingof
schoolcoursesn the e-learningdomain[1], [34], the productionof video proceedinggor
conference§?] andthe creationof smarternvironmentsaimedat capturingclassor meeting
participantexperiencegl].

In all of theabore examplesgslidesarewidely recognizedasa fundamentasourceof infor-
mation, but so far they have beenused,to our knowledge,only to partitionthe recordings
into meaningfufragmentsslidechangesredetectedqseesection2 for thetechniquesised)
andthe presentatiorvideosare sggmentedn correspondenceith them. The rationalebe-
hind suchanapproachs thatwithin the presentationpnly onetopicis discussediuringthe
time aslideis displayedandthusthatatopic changecanonly occurataslidetransition.The
fundamentalimit of the above approachs, in our opinion, thatthe topic itself is not taken
into accountat all. This meanghatwhena userwantsto ®nd the segmentcorrespondindo
a certaintopic, s/hemustbrowsethroughthe slidesuntil s/he®ndsthe one corresponding
to it. This canbereasonabldor a few presentationghut it becomeseaily time consum-
ing whenthe numberof talks increases.In our dataset, 26 presentationgollectedat the
MLMI workshop[4] resultin 570 slidesandthis meangthat the usermight be requiredto
browse hundred=f slidesin orderto ®nd whats/heis looking for. This canbe especially
problematiovhenthe useraccessethe systenthroughanetwork (e.g.in distancdearning)
andtheamountof datatransmittednustbe limited. A goodsolutionto suchproblemss, in
our opinion, to transcribeandindex the slidesin orderto apply InformationRetrieval (IR)
techniquesln this way the usercan®rst searchthe slidesansweringo her/hisinformation
needsandthenwatchthe presentatiowideo segmentsthey correspondo.
Theautomatidranscriptionof slidescanbe performedwith softwarethatconvertsthe most
commonformatsusedfor presentationgpdf andppt) into ASCII text, but this createssev-
eralproblems.The®rst is thatthe transcriptionsarenot synchronizedvith the presentation
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Figurel: Retrieval approachThe presentationarerecordedhroughthreechannelgaudio,
videoandPC-projector) Slideimagesareobtainedhroughtheframegrabbeandtranscribed
with anOCRsystem By applyinginformationRetrieval (IR) techniqueso theresultingtext,
it is possibleto retrieve presentatiomecordingsegmentsrelevantto aninput query

video. In otherwords, the information allowing for the linking of a slide with the video
sggmentwhereit wasdisplayeds not available. The seconds thatthe corversionsoftware
is basedon APIs thatare potentiallyexpensve andbecomeobsoleteafter a relatvely short
lifespanbecausef the changesn commercialproprietaryformats. The third problemis
thatthe slidesoftencontaintext which is embeddedh ®gures(work o ws, systemdiagrams,
plots, etc.) andthe above corverterscannotalwaysaccesst. Moreover the spealers may
leave the slideshav to useanddemonstrat®thersoftware. With the corverters,no text in-
dexing andaccesgointsto thesepartsof thetalk would be available.

In ouropinion,theabove problemscanbesolvedby capturingtheslideswith aframegrabber
(i.e. adevice ableto acquireandstoreasimageshatwhichis displayedhrougha projector)
and thentranscribethem with an Optical CharacteiRecognition(OCR) system(seeFig-
urel). . Theframegrabberoutputcanin factbe synchronizedvith the presentatiorvideo
(eachslidecanthusbelinkedwith avideosegment) theslideimagesareindependensof the
original format (ppt or pdf), andthe text embeddedn picturescanbetranscribedaswell as
text displayedon the screenwhenthe spealer projectssomethingdifferentfrom the slides.
OCRtechnologyhasbecomeoneof the mostsuccessfuapplicationsn the ®eld of pattern
recognition.However, OCR systemdave beendesignedo recognizecharacter®n printed
documentsandthe applicationof this technologyto otherinformationsourcessuchasim-
agesor videosremainsa challengingproblem[13, 27, 33, 16, 18, 5]. Slidesaredif®cult to
transcribeasthey oftencontainalargevarietyof text fontsandsizes(from 10to 130pixels),
images,plots and®guresthat canbe misinterpretedastexts, layout changedor eachslide
andsometimesstructuredandcomplex backgroundsMoreover, the useof linguistic infor-
mation can be helpful only to a limited extent becauseresentationgontainmary proper
namesandacrorymsthatcannotbefoundin commonlinguisticresourcesge.g.text corpora)
usedto build lexicon andlanguagenodels.

In this paperwe studytheapplicationof InformationRetrieval to automatidranscription®of
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slides.Firstwe analyzetherecognitionperformancef avideoOCR systemdescribedn [5]
on suchdata,thenwe shav how therecognitionerrorsaffectthe IR performancen several
retrieval tasks. The experimentshave beenconductedn a databasef 26 presentationgor
570 slides)gatheredat a workshop[4]. They shav that despitethe useof transcriptions
affectedby recognitionerrorsanda large amountof noise,theretrieval performancealegra-
dationwith respecto theuseof manualor API basedranscriptiongno errors)is acceptable.
Therestof this paperis organizedasfollows: Section2 presentsa suney of relatedworks,
Section3 describeshe OCR systemusedin our experiments Sectiond shavs the Informa-
tion Retrieval approachapplied,Section5 presentsxperimentsand resultsand Section6
drawvs someconclusions.

2 Previouswork

This sectionpresents surwey of the paperdedicatedo presentations theliterature.First
we will describeworks dealingwith singleaspectf the processinde.g. segmentationor
browsing), thenwe will shav articleswheretalks are usedin a wider context andthe pro-
cessings orientedto speci®cgoals(e.g. e-learningor conferencevideo-proceedings).
Oneof the main problemsof presentationss thatthey arecomposedf long streamf in-
formation(e.g. audioor video recordingskhat are dif®cult to handleasa whole by users.
This makesit necessaryo partition theminto seggmentsthat are meaningfulto usersand
thatenablethemto effectively usetheinformationcontainedn the presentationAll of the
worksdedicatedo theabove problemperformathematicsggmentationi.e. they try to iden-
tify segmentscharacterizedby a singleandspeci®ctopic. The mainreasons thattalksare
typically organizedasa sequencef topicsandmost,if notall, of the presentatiowontentis
concentratedh thetopicspresentedby the spealer.

Theuseof shotboundariessa criterionto performthematicsggmentatiorhasbeenquickly
discardedecausén mary practicalapplicationdalk recordingsaremadeof onesingleshot
obtainedwith a ®xed camergpointing at the spealer. More relevantinformationcanbe ex-
tractedfrom theaudio. In [15], the analysisof prosodyandsilencesaswell asthe detection
of Discouise Markers, i.e. expressionghat typically introducea nenv argument,are used
to sgmentandindex university lectures. The main limit of suchan approachis thatit is
stronglyrelatedto the style of the spealer andit is languagedependent.A content-based
sgmentationcan be obtainedby applyingapproachevasedon text analysis. In [12], the
variationsin frequeng andcooccurrencef wordsappearingn neighbouringsegmentsof
atext areusedto detecttopic changesindto structurea text into sectionsandsubsections.
Theproblemof suchanapproachs thatit workswell for datalik e newvs wherestoriesabout
completelydifferenttopicsappeaiaftereachother but it hasmoredif®culty on texts where
thereis a single topic and differentsubtopics(asis the casein presentations)Moreover,
in the caseof talks, the systemshouldwork on transcriptionsobtainedthroughAutomatic
SpeechRecognitionandthis canfurtherreducethe effectivenesof the method.
Theapproachihathasbeenpreferredsofaris to segmentthepresentations correspondence
with slidetransitiong31], [20], [19], [14]. As mentionedn the previoussection thisis rea-



IDIAP-RR 05-36 4

sonablebecauset re ects thelogical organizationgiven by the spealer to his/hertalk, but
it neglectsthe actualtopicsbeingpresentedin all of the cited works, the slide changesre
detectedusingthevideofootage.Theslideis ®rstlocatedin theimages(the problemof the
spealer oftenoccludingthe slideis solved by analyzingmultiple frames)andthenmatched
with the electronicversionsof the slidesassumedo be availableto the system.Eachtime
the electronicslide bestmatchingthe slide extractedin the video changesa transitionis
assumedo take place. An alternatve solutionto the sameproblemis to capturethe slides
througha frame-grabbesynchronizedvith the video camerasandto detectthe transitions
asthe pointswherethe differencebetweentwo following displayedimagesexceedssome
threshold. Suchan approachis usedin this work andit is simpler but at the sametime
it requiresmore devices (projector frame-grabbersynchronizatiordevices). On the other
hand,no electronicversionof the slidesis necessaryandno slide format dependenAPls
needbe used(seeprevioussection).The segmentatiorbasedn slidesis usedto browsethe
presentationsSomeof theworks presentecbore aswell asseveralworksin thee-learning
domain(seebelov) make useof browsersallowing to displaythe slidesof a presentation
andto accesgheir correspondingeggmentby actingover them. An interestingapproachs
presentedn [29], wherethe authorssegmentthe presentationn correspondenceith slide
changesandthenusetranscriptionof both slidesandaudioin orderto ®nd whatthey call
topical eventsi.e. pointsof theaudiowherethewordsin theslide occurtogether

Oneof the mostcommonapplicationsof the systemsanalyzingpresentationss e-learning
i.e. the useof computerbasedoolsto improve or facilitatedidacticactiity. Theworksin
this domaincanbe roughly divided into systemghat try to capturethe experienceof stu-
dentsin aclassroon(in otherwordsthey try to make attendinga lecturedirectly or through
a computey equialent)[35], [17], [23], [1], [19] andworks thatareaimedat the ef®cient
transmissiorof lecturesto studentghatcannotattenddirectly (this domainis oftentde®ned
distancelearning) [34], [6]. The latteraspecits out of the scopeof this work andwe thus
analyzen thusmoredetailthe®rstkind of application.In [35], [17], theattentionis focused
essentiallyon the devicesusedto capturethe lectures. The main concernwhendesigning
an apparatugapturingpresentationss thatit shouldbe very easyto activate (the spealer
is supposedo just pusha button), but at the sametime to be complex enoughto capture
all theinformationproducedduringthelecture. Complex devicescanallow very goodpro-
cessingout they arepotentiallyexpensve anddif®cult to managewhile simplesystemscan
be very easyto managg(to activatea simplevideocameraa single buttonis suf®cient), but
they canproduceunstructuredlatathatrequirethe elaboratiorof complecx processingoft-
ware. In [1], [23], extensve experimentsperformedduring a courseshaved thata system
basedon videosandslidesallowedthe studentdo take moreadvantageof thelectures.The
systemwasevaluatedthroughthe numberof accesseto the websitewherethe information
was storedandthroughquestionaries.The main advantageprovided by the systemis that
the studentanavoid taking detailednotesduringthe coursesandfocuson mainideasand
conceptpresentedby theteacher

An importantapplicationthathasbeenexploredis summarizatiorj10], [11], [14]. In [10],
the summaryis obtainedby simply eliminating silencesfrom the audio channel. This re-
duceghelengthof aspeechrecordingby 15-20percent.The sameapproachs usedin [11],
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Figure2: Someexampleof slidesin thedatabase

but further compressions achiazed by selectingonly the ®rst secondsafter slide changes.
Suchtemporalsggmentsarein factassumedo summarizehe contentof the segmentwhere
acertainslideis displayed.In [14], thesummarizations performedby ®rstidentifying seg-
mentsbetweertwo slidetransitionsandthenby detectinggesturege.g. pointingto speci®c
elementsn theslide)thatareassumedo berelatedto importantinformation. For eachseg-
mentcorrespondingo a singleslide, a few subsequence®latedto suchgesturesarethus
extractedto build thesummary

Thepossibilityof creatingvideo-proceeding®r conferencesiasbeenexploredin [2]. This
work is essentiallyaimedat theretrieval of speectsegments(the audioof thetalksis tran-
scribedwith an AutomaticSpeechRecognitionSystem)andthevideois usedto brovsethe
retrieved sggmentsin orderto ®netunetheresultsof aquery

Theonly work dedicatedo theretrieval of slidesin theliteratureis presentedto our knowl-
edge,in [21]. The mainlimitation of the systemis, in our opinion, thatit canaccessonly
proprietaryformatsof slides.This meanghatthesystenmustbeconstantlyupdatedn order
to follow theversionchange®f commerciakoftwarefor slide editing. Moreover, notall of
theavailableformatsarecoveredandsomeslide formatscannotbe accessed.

3 Textrecognitionsystem

Researchefforts on the extensionof OCR technologiedo documentsuchasimagesand
videostartedapproximatelyl0 yearsago. To theexceptionof someearlyworks, mostof the
researchn this ®eld have adopteda top-davn approacho the problem:text regionsare®rst
localizedin theimage,andatext recognitionsystemis thenappliedon the extractedregions
[13, 27, 33, 16, 18]. Themethodwe emplgy in this article follows the sameschemgsee[5]
for a detaileddescription). In the next sections,we presentan overvien of the method,
describingn moredetailthe aspectshathave moreimpacton theretrieval performance.

3.1 Textline detection

Thetext line localizationalgorithmhastwo componentsThe®rst oneconsistsn classifying
eachpixel of the imageinto eithertext or non-text. To achieve this task, vertical andhori-
zontaledgesareextractedusinga Canry edgedetector Then,morphologicaloperatorsare
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appliedto enforcethe presencef both edgetypesin regionslabeledastext. Theimagein
®gure 3b displaystheresultof this stepappliedto theimageon theleft of Figure3.

The secondpart of the algorithmaimsat identifying individual text linesfrom the gen-
eratedtext-labeledbinary map. We performthis taskby searchingn a systematiovay for
thetop andbottombaseline®f horizontallyalignedtext stringregionswith enoughdensity
Theresultof this algorithmappliedon the binary imageof ®gure 3b is shavn in ®gure 3c.
As canbe seenjn the presencef structuredbackgroundthe detectionprocesgenerates.
certainnumberof falsealarms. Thesefalsealarmswill be eliminatedby identi®ying noisy
transcriptiongyeneratedby therecognitionsystemasdescribedn the next section.

3.2 Textrecognition

In this subsectionyve ®rst presentan overall descriptionof the recognitionalgorithm,and
thenwe focuson the differentstratgiesusedto generatehetext transcript.

3.2.1 Overall scheme

A simpleapproachto performtext recognitionfrom localizedimagetext lines consistsof
theapplicationof a binarizationalgorithmon thetext imagefollowed by the useof standard
OCR software. Althoughthis approactcanbe suf®cient ro recognizethe majority of slide
text, it still leadsto mary errorsdueto thefollowing two issues:

2 thebinarizationprocesscanbe affectedby the fact thatthe distribution of gray-scale
levelsin thetext region may not be bimodal. This canhappendueto the presencef
a structuredbackgroundr layout,or becausehe localizedtext is partof animage,a
drawing, or aplot.

2 theexacttext sizeandtext font areunknavn anddif®cult to estimatedueto thelimited
amountof availabletext (which rangesfrom two characterdo severalwords). As a
consequencéhe OCRIs confusedyy similar-lookingcharacter¢e.g. I, 1, 1,i,:::), and
its outputis sensitve to theparametersf thebinarization/tet segmentatioralgorithm.

To addresgheseissueswe proposedn [5] a schemewhoseprincipleis illustratedin Fig-
ures4 and5, andworks asfollows: ®rst, a sggmentatioralgorithmthat classi®eghe pixels



IDIAP-RR 05-36 7

Image Hypothesis
Generation

Segmentation —*| OCR [—*|

and

Postprocessing HW}—»

Segmentation —'
and —>—>
Postprocessing 4,4,

K=4 e ORI
and B

Postprocessing —>—>¥

Figure4: Text recognitionprocessoverall text recognitionscheme.

Origind
Image

]

Result Selection

original image

K=3

segmentation

/ binary images

| postprocessing |

l |

OCR OCR

Figure5: Text recognitionprocess:individual sggmentationand post-processingteps,for
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into K classess appliedto thetext image. Then,the sggmentations exploitedto produce
binary text image hypothesegqe.g., by assumingthat a label, or a conjunctionof labels,

correspondso thetext layer). Theresultingbinaryimagesarethenpassedhrougha post-

processingstepand forwardedto the OCR system,in this way producingdifferent string

hypothesesfrom which thetext resultis selected.

In the currentwork, we usedthe K-Meansalgorithmto performtheimagesegmentationas

it wasshown to have similar performanceo morecomplex methodshasedon Markov Ran-

domField [5, 32], anda connecteccomponentinalysisstepas post-processingp remove

regionscorrespondingo noise. More precisely we only keepascharactecomponentshe

connecteccomponentghat satisfy constraintson differentparameterssuchassize,aspect
ratio, ®lI-f actorandlocalizationwith respecto the text region boundaries.We thenapply
the OCR softwareon the resultingbinaryimagesto producethetext strings. The algorithm

thatselectgheresultfrom all the producedext stringsis describedn the next section.
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3.2.2 Resultselectionand transcript production

The selectionof theimagetext transcriptfrom the setof stringsgeneratedyy the segmenta-
tion steprelieson a con®dencesaluecomputedor eachrecognizedstring. This con®dence
valueevaluationproces®xploits someprior informationon text stringsandonthe OCR per
formancebasednlanguagenodeling(appliedto charactesequencesgndOCRrecognition
statistics Fromaqualitative pointof view, thesystemworksby identifying charactersvhich
aremorereliably producedvhentheseggmentatioris ideal(i.e. theoriginaltext is recognized
with no error)thanwhenthe segmentations noisy. For instancewhengiventext-like back-
groundsor inaccuratesggmentationsthe OCR systemproducesnainly garbagecharacters
like., ,!, & etcandsimplecharacterdikei,l, andr, whereasharacterske A or G arerarely
producedn thesesituations.

More formally, let T = (T;)i=1.1, denoteastringwherel; denoteghe lengthof the string

in which G, correspondso ary othergarbagecharacterFurthermoreletH, (resp.H,) de-
notethehypothesighatthestringT orthecharacterd; aregeneratedrom anaccuratéresp.
anoisy)sggmentationThecon®dencevalueis estimatedisingavariantof thelog-likelihood
ratio:

=9
H B(HT)
P(HAjT)

when assumingan equalprior on the two hypothesesand b is a bias. We estimatedthe
noisefree languagemodelp(:jH,) by applyingthe CMU-CambridgeStatisticalLanguage
Modeling (SLM) toolkit on Gutenbeg collections. Thenoisylanguagenodelp(;jH,) was
obtainedby applying the samesoftware on a databasef stringscollectedfrom the OCR
systemoutputwhile providing asinputto the OCR eitherbadly sgmentedexts or text-like
falsealarmscomingfrom the text detectionprocess.The useof the biasb is necessaryo
accounfor thestringlengthandavoid thecon®dencevaluationprocesgo over-weightshort
stringswith only afew very reliableletters.More detailscanbefoundin [5].
Thecon®dencevaluecanbeusedfor two purposesThe®rstoneis therejectionof string
resultswhosecon®dencevalueis not high enough. This usageis extremelyusefulto ®lter
out falsealarmsin the detectionstep. For instancejn the exampleof Fig. 3, 13 out of the
14 erroneouslydetectedregionsdid not produceary stringwith a con®dencevalue above
the thresholdusedin our experiments.They werethusconsideredas non-tet regionsand
rejected.
The secondpurposeis the selectionof the ®nal text transcriptfrom the setof all strings
generatedy our multi-hypothesisapproach.In the experimentswe have consideredhe
threefollowing methodgo producethetranscript:

Cy(T) = log + Iy ab = log(p(TjHa)) i log(p(TjH,)) + I @b

1. Trans2: in thiscasewe only considered segmentatiorprocessvith K=2 classeste-
sultingin the generatiorof two strings(onecorrespondingo the binaryimagewhich
assumedright characterson a dark background,and one basedon the reverseas-
sumption).The stringwith highestcon®dences usedasthe transcript. This stratgy

www.gutenbeg.net
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correspondso the usualbinarizationprocesausedin mostof thework on text recog-
nition.

2. TransBest: asshawn in Fig. 4, the recognitionprocesss appliedthreetimes, by
sgmentingtheimageeachtime with adifferentK value.Speci®callywe usedavalue
of K equalto 2, 3 and4. >Fromall the generatedext string hypothesesthe string
with highestcon®dencas usedasthetranscript.In [5], this methodappliedto videos
wasshawn to signi®cantlyimprove therecognitionrate, atboththecharacteandword
level.

3. TransAll : inthecurrentapplicationthetranscriptsarenotintendedo bereadby peo-
ple. They will be usedfor slideindexing in aretrieval task. For suchan application,
the mostimportantpoint is to obtaina transcriptwith asmary slide wordsaspossi-
ble correctlyrecognized.To optimizethis criterion, we proposeto usethe following
stratgy. >Fromthesetof text stringsobtainedfor asinglevalueof K (seeFig.4),we
keepthe string with the highestcon®dence.In this way, we obtainthreetext strings
Tk 2; Tk 3 and Tk 4. Then,we initialize the ®nal text transcriptT i,y With the most
con®dentof thesestrings. Finally, T inq IS iteratively updated by addingto it each
word of thetwo otherstringsthatis notyetin thetranscript.With this stratey, we pal-
liate the sensitvity of the OCR engine which sometimesdueto the smallamountof
text materialor to JPEGcompressiomistortionnoise,producesstringsfrom different
seggmentationghatonly differ by oneletter.

Thetranscriptobtainedwith any of thesethreemethodswill be usedto index the slidesas
describedn thenext section.

4 Information Retrieval

Information Retrieval is the task of ®nding automaticallyin a large corpusthe documents
thatarerelevantto aninformationneedexpressedhrougha query The literatureproposes
severalapproachegsee[3] for asurwey) andin this work we usethe so-calledvector Space
Model (VSM) whichis themostsuccessfuandwidely applied.A systenfollowing suchan
approachs composecdssentiallyof two parts. The®rstis de®nedof ine andit is performed
only oncefor a givendatabaseThe seconds calledonling, andit is performedeachtime
a queryis submittedto the system. The of ine partperformsnormalizationandindexing,
while the online part performsthe actualretrieval. The next two subsectionslescribethe
stepsof the processn detail.

4.1 Normalization and Indexing

Normalizationandindexing composédheof ine partof thesystem.Thenormalizatiortakes
the raw dataasinput andremovesfrom it the variability which is not useful for the rest
of the process.lIt is composedf threesteps(preprocessing stoppingand stemming and
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it corvertsthe original documentsnto streamsof terms The indexing takes asinput the
stream®f termsandcorvertstheminto aform suitablefor theretrieval processlin thecase
of the VSM, the documentsarerepresentedsvectorswhereeachcomponenticcountgor
atermof thedictionary(thelist of uniquetermsappearingn the corpus).At theendof the
indexing, thedocumentvectorsarearrangedn theterm-by-documennatrix A whereeach
columncorrespond$o adocumentindeachline correspondso aterm.

The ®rst normalizationstepis the preprocessingwhich simply removesall non-alphabetic
charactergpunctuationmarks, parenthesegligits, etc.) from the text. Suchsymbolsare
removed becausehey are supposedot to carry ary usefulinformation. After the prepro-
cessingthe original documentdave beentransformednto streamsof wordsandthey are
givenasinputto thestoppingi.e. theremoval of all of thewordsbelongingto a prede®ned
setcalledstoplist[8]. The stopwods (i.e. the wordsof the stoplist) aretypically articles,
prepositionspronounsandotherwordsthatplay a functionalratherthansemantiaole. In
otherwords,the stopwordsareneededo make a sentencggrammaticallyandsyntactically
correct,but they arenot representatie of the sentenceontent. In somecasesthe stoplist
cancontainwordsthatarevery frequent(e.g.informationandretrieval in a collectionof IR
articles). Thereasons thata word appearingn mostof thedocument®f a collectiondoes
not helpto discriminatebetweerthem. While a stoplistcontainingonly functionalwordsis
generalandit canbe appliedto ary kind of data,a stoplistenrichedwith the mostfrequent
words of a speci®ccorpusbecomedatabaselependenaind cannotbe usedfor othercor-
pora[8]. In thiswork, we useda genericstoplistcontaining384 words. After the stopping,
thenumberof wordsin a corpusis reducedpn average py 30-50percent.

The normalizationis completedby performingthe stemmingi.e. by replacingall of the
wordswith their stem(e.g. connection connectedand connectionare replacedwith con-
nec). Therationalebehindthe stemmings thatthe meaningof thewordsis carriedby their
stemratherthanby their morphologicalvariations[9]. In this work we usedthewidely ap-
plied Porterstemming24] resulting,on averagejn areductionby around30 percentof the
lexiconsize.

After the normalization the original documentdave beencorvertedinto streamsof terms
Thisis notyet aform suitablefor theretrieval processandit is necessaryo performindex-
ing in orderto representhe documentsasvectors. Indexing canbe seenasthe ®lling of a
term-by-documentatrix A whereeachcolumncorrespondso a documentandeachrow
correspondso atermin thedictionary An elements; of A canbewrittenasfollows:

a; = L(i;]) ¢G(i): (1)

While G(i) dependsonly onatermi, L(i; j) dependon bothatermi anda document .
For thisreasonG(i) canincludeinformationextractedfrom thewhole corpusandis called
global weight, while L (i; j) canonly includeinformationcomingfrom a singledocument
andis calledlocal weight. The weightingschemeplaysan importantrole in the retrieval
procesg7] andalarge numberof alternatveshave beenproposedor both G(i) andL (i; j)
(see[26] for a surwy). In this work we appliedthe so-calledOkapiformula [25] which is
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the mosteffective andwidely appliedin currentstatg-of;the-arsystems:
tf (i;j) ¢log -
~ ke[li b+ beNDL(j)] + tf (i;j) @)

wheretf (i; ] ) is thenumberof timestermi appearsn documenj (thetermfrequency, N
is thetotal numberof documentsn thedatabase); is the numberof documentgontaining
termi, k andb arehyperparameterandN DL (] ) is the normalizeddocumentength (the
lengthof | divided by the averagedocumentiengthin the database).The logarithmis re-
ferredto asinversedocumentrequency(idf) andgivesmoreweightto thetermsappearing
in few document¥ecausehey aresupposedo be morediscriminatve.

The processingtepsdescribedn this sectionareperformedonly oncefor a givendatabase.
Thenext sectiondescribesiowv the matrix A is usedin the actualretrieval processi.e. how
therelevantdocumentareindenti®edwhena queryis submittedto the system.

a;

4.2 Retrieval

Oncethe documenidatabaséasbeenindexed, the systemcan performthe actualretrieval
task. Eachtime a queryis submitted,the systemcalculatesa scorecalled Retrieval Status
Value (RSV) for all of thedocumentsThe documentsanthenberankedaccordingto their
RSV (the betterthe RSV, the higherthe position)andthe documentselevantto the query
areexpectedo occupy thetop positions.
The RSV expressionmostly dependsn the indexing techniqueappliedand,in the caseof
Okapi, it is thesumof theindex valuescorrespondingfor a givendocument, to thequery
terms: X

RSV(gd) =  ad ©)

t2Q

whereQ is thesetof thetermscontainedn thequeryq, anday is anelemenf theterm-by-
documenmatrix A. Sincethevalueof ay is zerowhentermt doesnotappeain document
d, theabore RSV expressiontendsto be higherwhend andq sharemoreterms. However,
not all of the commontermscontritute in the sameway. The presenceof tf (t; d) at the
numeratomf a,y (seeEquation2) givesmoreweightto thetermsappearingnoretimesin d
(they aresupposedio bemorerepresentate of its content). Theinversedocumenfrequengy
makesthe contritution of termsappearingn few documentsigher (they are supposedo
be morediscriminatve). The mainlimit of suchan approachs thatlong documentgend
to have higherscoreshecausehe probability of sharingtermswith a queryis higher[28].
Thepresencef theNDL in Equation2 is aimedatsmoothingsuchaneffectby reducingthe
contrikbution of termsbelongingto longertexts.

4.3 Evaluation

This sectionpresentthe metricsusedto assessheretrieval performancen this work. Sev-
eralmeasuresareavailablein theliterature but noneof themprovidesanexhaustve descrip-
tion of theretrieval results[3]. Moreover, dependingonthe application,somemeasuresan
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be moreappropriatehanothers.For theabove reasonsin orderto give acompletedescrip-
tion of the systemperformancewe apply severaldifferentmeasures.

Given a query g, the setof the documentgelevantto it is R(g) andthe setof the docu-
mentsidenti®edasrelevantby thesystemis R'(q). Thetwo fundamentaimeasures IR are

Precision R\ R*(Q)]

i = | j

A = s (4)
andRecall R\ R*(Q)]

e = ) j.

A T ©

Precisioncanbe consideredsthe probability thata documenidenti®edasrelevantby the
systemis actuallyrelevant, while Recallcanbe thoughtof asthe probability of a relevant
documentbeingidenti®edas suchby the system. The value of ¥4q) is often calculatedn
correspondencef aprede®nedetof Yvalues(typically 10,20, : :, 100percentyesultingin
thesocalledPrecisionvsRecallcurves.In orderto obtainsucha curve for aquerysetrather
thanfor a singlequery it is possibleto performa macioaverge, i.e. for eachprede®ned
valueof ¥the plottedPrecisions the averageof the Vavaluesobtainedfor differentqueries:

1 X
W= = Y9 (6)
JTJ q2T

whereT is thequeryset.
The Precisionvs Recallcurvesgive an overall view of the retrieval performancehut they
aredif®cult to usein comparisonbetweendifferentsystems.For this reasontwo different
techniqueshave beenproposedn orderto obtaina singlenumberassumedo berepresen-
tative of the whole curve [3]. The ®rst leadsto the Average Precision(avgP) and consists
in calculatingthe averagevalue of the Precisionalongthe curve. The secondeadsto the
Break EvenPoint (BEP) and consistsin calculatingthe Precisionat the curve point where
¥{qQ) = “A4qg). The BEP canbe easily obtainedby measuringhe Precisionat the ranking
positioncorrespondingo the numberof relevantdocumentgR(q)j. In fact,if ¥{q) = £Qq),
thenjR"(q)j = jR(0)j (seeEquationst and 5). An idealsystem(i.e. asystemableto putall
of therelevantdocumentstthetop of theranking)hasBEP 100percent.Thelowerthe BER,
the morea systemis far from suchanideal situation. Both avgP and BEP canbe averaged
over all of the queriesin asetT in orderto evaluatea retrieval taskcomposedf different
gueries.
Sincemostof the IR systemsrovide the userwith the rankingof the documentgordered
following their RSV), the evaluationcanbe performedin termsof Precisionat positionN
i.e. thepercentagef relevantdocumentsn the®rstN positionsof theranking. Suchamea-
sureis closelyrelatedto the perceptionof the usersthattypically, after submittinga query
checkthedocumentgollowing therankingprovidedby thesystem.Themorerelevantdocu-
mentsappeaiat thetop of theranking(i.e. the higherthe precisionat positionN ), the better
theuserperception A differentPrecisionat positionN plot canbe obtainedfor eachquery
in asetT andthen,througha macroaerageasingleplot canbeobtainedfor T asawhole.
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Figure6: Numberof slides.The plot reportsthe numberof slidescontainedn eachpresen-
tation.

A differentevaluationmetricis usedwheneachqueryhasonly a singlerelevantdocument
(suchataskis oftenreferredto asKnownltem Seach). In this case,whatis importantis
the rankingpositionoccupiedby the relevantdocuments For this reasonthe evaluationis
madeby calculating(for asetT of queries),the percentagef timesa relevant document
appearsn thetop, toptwo, :::, top N positionsof theranking. Theresultis the cumulatve
distribution of therankingpositionsof therelevantdocuments.

5 Experimentsand Results

This sectionpresentghe experimentsperformedin this work. The slidesdisplayedduring
a conferencénave beenacquiredwith a framegrabberandtranscribedvith the OCR system
describedn Section3. The IR systempresentedn Section4 wasthenusedto perform
severalretrieval tasks.In the next subsectionghe slide databasethe OCR performanceand
theretrieval experimentsarepresentedn detail.

5.1 Thedata

Theslidedatabasesedn thiswork hasbeencollectedduringa conferencéMachinelLearn-
ingin MultimodalinterfacesMLMI) heldin June2004[4]. Theslideauthorsverenotaware
of our experimentsandthey preparedheir slideswithoutrespectingary constraint.n other
words,thedatawasnot createdn alaboratorybut collectedin arealworking environment.
They thusrepresenarealisticbenchmarkwith respecto similar situations.In total, we col-
lected26 presentationsontaining570slides(thenumberof slidesperpresentatiofs shavn
in Figure6). Theaveragenumberof slidesis 21.9(minimumandmaximumare6 and63re-
spectvely). All of theslideshave beenacquiredwith aframegrabber(i.e. adevice capturing
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Figure7: Cumulatve slide length probability distribution. The plot shavs the cumulatve
probability distribution of the numberof termsper slide. The distribution curve for the
TransAlltranscriptions lower thanthe othersincethe useof multiple OCR outputstendsto
malke the documentsonger

theimageddisplayedhrougha projector)andcompresset jpeg, resultinginto 570images
of dimensionl03& 776 pixels(91.2dpi resolution).

Thetext containedn the presentationeasbeentranscribedn threedifferentways. The ®rst
is by manuallytyping the contentof the slides(this versionis usedasreferenceandwill be
referredto asmanua). The seconds by applyingthe differentversionsof the OCR system
describedn section3 to the slideimagescapturedhroughthe framegrabber(the transcrip-
tionswill bereferredto asTrans2 TransAllandTransBest Thethird is by usingsoftware
corverting the electronicversionsof the slides(i.e. the Powverpointor PDF ®les) into text
(this versionwill bereferredto asAPI).

Figure 7 shawvs the cumulative distribution of slide lengths(after stoppingand stemming).
The numberof termsis animportantparametebecausehe probability of a relevantdoc-
umentbeingidenti®edassuchby a retrieval systemtendsto increasewith its length[28].
Thereasons thatif adocumentontainsmary terms,the probability thata querycontains
oneof themis higher This canbe animportantsourceof problemsfor this work because
slidescontainoften ®gures,plots, picturesand otherkinds of visual informationthat limit
the amountof spacdeft to text. The averagenumberof termsper slide rangesn factfrom
33.6(Trans2)to 48.3(TransAll)while it is 217.1(» 4 to » 7 timeshigher)for the Wall Steet
JournalCorpus|[22] (oneof themainIR benchmarks).
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slide presentation database
OCRmethod| TR [ TP | TR | TP | TR | TP
Trans2 724|773 67.5| 77.0 | 714|774
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

Tablel: Termrecall TR andtermprecisionTP averagedtherslidedocumentspresenta-
tion documentspr computedon thewhole database.

5.2 OCR performanceevaluation

In this sectionwe evaluatethe quality of the OCR transcripts. To do so, we consideras
performanceneasureshetermrecall TR andtermprecisionTP, which arede®nedby:

P (min g °(t; d); ff (t; o)

TR(d) = f (t; d)

(7)

and

P ¢ mindtf 7(t; d); ff (t; d))
7t d)

whereff (t; d) denotesthe numberof timesthe termt really appearsn the document
d (d will be eithera slide, a presentationpr the whole database)andtf *(t; d) denotes
thenumberof timesthetermt appearsn thetranscriptof thedocumend. Thetermrecall
canbeinterpretecasthepercentagef termsin thedocumenthathave beencorrectlyrecog-
nizedby the OCR,while thetermprecisionindicatesheproportionof recognizedermsthat
areactuallytrue. Althoughthe useof word recall or word precisionmeasuresvould have
re ected moredirectly the intrinsic OCR performancethe useof the termrecallandterm
precisionmeasuress moreadequaten our context. In fact, from aretrieval point of view,
we do not carefor instancewhetherstopwordswerewell recognizedr not, asthis hasno
in uence on our task. Hence,while still beingcharacteristiof the OCR performancewe
canexpectthe proposedneasureso revealthe discrepang existing betweernthe document
representationgsedin theretrieval processandbuilt from eitherthetruetranscript(we use
themanualannotatiorasreferencepr from the APl or OCRtranscripts.

Tablel providesthe averagetermrecallandprecisioncomputedover eitherslides,pre-
sentationsor on the whole database.The overall valuesare good, shaving that around3
outof 4 termsarecorrectlyrecognizedy the OCR systemswhich meansan averageof 25
correcttermsperslidedocument.Thesenumbershowever, hidealargerecognitionvariance
dependingon the slide type. While slidescontainingplain text only usually have termre-
call abore 85%, slidescontainingimagesplotsor screershotshave lower andmorediverse
TR values. This diversity of recognitionaccordingto the slide type canbe appreciatedy
lookingatthedistribution of theslide TR, Figure8: while morethan50%o0f theslideshave a
termrecallhigherthan85%,10%of themhave atermrecalllowerthan50%. It is interesting

TP(d) = (8)
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Figure9: Termrecallvaluecomputedor eachpresentation.

to notethatthe differenttypesof slidesarenot evenly spreadacrosresentationsrhis can
beillustratedby looking at the variabilitiesin the performancecomputedper presentation,
shavn in Figure9. In the extremecaseof the 5th presentatiorfaboutMountains,Learning
MediaandInteraction),11 out of the 22 slidescontainonly geographicaimaps,with mary
namesembeddedn clutter, andfew wordsin the remainingslides. Therefore the number
of hardto recognizetermslargely dominates]eadingto the poor term recall we reported,
betweerl8and23%. As otherdif®cult casespresentatiod0andl11 containscreercaptures
of dialogueinterfaceqpresentatiori0) andmeeting/presentatidorovsers(presentatioril)
comprisinglarge amountof small sizetext corruptedby jpeg noise,conductingto medium
recognitionrates. At the otherend of the spectrumpresentationsik e the 16th or the 23rd
containmainly slideswith text andthe OCR achiezesup to 90%termrecallon these.All-
togethertheseexamplesilustratethatpresentersnay have completelydifferentstyleswith
someof thembeingmore'visual', or thattherearedifferentpresentations/pes(e.g. presen-
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tationreportingonly facts).It is thusimportantto build a systenthatis ableto handlethese
differentkindsof presentations.

The comparisorof the OCR performancevith the API resultsshows thatthe difference
betweerthe two methodss not solarge overall. While the OCR transcriptionsarenoisier
asindicatedby the lower term precision,the term recall of the bestperforming OCR is
equialentto the API one(cf Tablel). Still, asexpected,the APl and OCR systemshave
differentbehaiours. While the API is almosterrorlesson text slides,it missesmostof the
text on slideswith images diagramsor plots, andperformssomeerrorson these.This can
be obsered by noting the differencesn the performanceper presentationfFigure9, which
dependwn the contenttype, as commentedn the previous paragraph.Alternatively, we
cannoticethis from the curvesin Figure 8, which shav thatthe API is performingbetter
on slideswith high term recall -mainly text slides-,but performworseon the slideswith
mediumto low TR valuestypical of slideswith embedded®gures.

Finally, comparingthe different OCR systemsetweereachother we candraw thefol-
lowing conclusions. First, the standardapproachconsistingof binarizing the text image
(Trans2,see3.2.2)is not performingaswell asthe two other methods. For instance the
methodthat considersalternatve numbersof grayscaleclassesn the input text imageand
selectghebestOCRoutput(TransBestjrom thesetof generatedandidatestringsimproves
signi®cantly(by approx. 5%) the termrecall with respecto the Trans20CR, without ary
degradationin thetermprecisionmeasureThis demonstratethe validity of boththe useof
the multi-classstratgy andthe string selectionscheme.Secondcomparedwith the Trans-
Bestapproachthe TransAll stratgy furtherimprovesthe termrecall (by approx. 4%), but
thisis doneat the expenseof the term precision,which dropsby around16%, from 78%to
62%. This effectis understandablesthis methodconsistsof addingcomplementargran-
scriptsfrom differentmulti-classsegmentationsA neteffectis to producdongertranscripts
(cf previous section)in which the additionalterms(w.r.t. TransBest)arelessreliable. A
grossanalysisof thenumberdandicatesthatonly 20%to 25% of theaddedtermsareindeed
correct. However, as mostof the erroneousaddedtermsdo not correspondo true terms,
andarenot susceptibleof beingpart of a query theirimpacton the Retrieval StatusValue
of documentdor a given queryshouldbe neggligeablein principle. Hence,from a retrieval
point-of-view, sucha stratgly shouldleadto betterresults.

5.3 The Retrieval Tasks

The effectivenessof a retrieval systemis measuredhrougha retrieval task i.e. a setof
gueries(designedo evaluatea certainaspecif the systemperformancepndrelatedrele-
vancegudgementgthelist of thedocumentselevantto eachquery).In thiswork, we created
threeretrieval tasksthatwill be referredto asgeneal, author andimage respectrely. The
®rstis composedf querieswrittenin naturallanguagge.g. multimodalinteractionin meet-
ings) andaimedat®ndingall documentgoncerninga certaintopic (the documentselevant
to eachqueryhave beenidenti®edby humanassessors)This taskmeasuregssentiallythe
quality of the matchingmeasurausedto calculatethe similarity of queriesanddocuments.
The secondtask usesas querythe last namesof the authorsand a slide is consideredel-
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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,the numberof
gueries(secondcolumn), the averagequerylength(third column)andthe averagenumber
of relevantdocumentgfourth column).

evantif it containsthe nameusedasquery This taskis essentiallya keyword searchand
it is designedo measurehe effectivenessof the OCR system.In fact, if the authorname
is correctlytranscribedthe relevantslide is certainlyretrieved, while if the authornameis
misrecognizedthe relevant slide is certainly missed. The useof the whole setof author
namesavoidsthe potentialbiasdueto arbitraryselectionof keywords.

Thethird taskis built by usingasqueriesa list of termsappearingfor a givenslide,in ®g-
ures,but not in the text of thatslide (e.g. the axis labelsof a plot whenthey appearonly
in the plot). Thetaskhasbeencreatedoy randomlyselecting85 ®gurescontainingtext and
by extractingfrom eachof thema few keywords. All of the keywordsappearonly in the
®gure andnot in the text appearingn the sameslide. The goal of this taskis to measure
the effectivenessf the OCRin capturingnot only the main body of text introducedin the
slide (easily accessiblehroughprogramscornverting electronicversionsof the slidesinto
text), but alsothetext appearingasa bitmapin the®gures.For eachquery we considere@s
relevantonly the slidescontainingtheimagethe keywordswereextractedfrom.

Table 2 reports,for eachtask,the numberof queries,the averagequerylength (in words)
andthe averagenumberof relevantdocumentgerquery The querylengthis animportant
parametebecausdong queriestendto have betterresults. The useof too mary keywords
makesit in fact more probableto matchthe termsin the slidesleadingto unrealistichigh
performance.The averagenumberof relevant documenter query gives an idea of how
hardis theretrieval task:thelower the percentagef the corpusaccountedy thedocuments
relevantto a query the lower the probability of retrieving themby chance.A taskis con-
sidereddif®cult whenno morethan 2 percent(or less)of the documentsare relevant, on
averageto aquery[3]. Suchaconditionappliesto all of theretrieval tasksproposedn this
work.

5.4 General Task Results

This sectionpresentghe resultsobtainedover the generaltask (seeSection5.3). The goal
of this taskis to ®nd all of the documentsn the corpusthatarerelevantto the information
needexpressedhrougha naturallanguageguery Figure 10 reportsthe Precisionvs Recall
curves. The Precisionachiesed is higheron manualand API transcriptiongespeciallyat
high Recall)thanon OCR basedranscriptions.On the otherhand,from a users point of
view, sucha differencedoesnot requiretoo much additionaleffort in orderto ®nd all of
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Figure10: General.The plot shavs the Precisiornvs Recallcurvesfor thegenerakask. The
curvesarereportedor bothmanualandautomatidranscriptions.

therelevantdocuments At ¥£50 percentthe Yavaluesrangefrom 65.1percent(Trans2)to
77.8 percent(API). Sincethe averagenumberof relevantdocumentger queryis 6.4 (see
Table 2), this meansthat the ®rst 3 relevant documentsanbe foundin thetop 4 (API) to
5 (Trans2)positions.In otherwords,in orderto ®nd half of therelevantdocumentsa user
mustbrowse,on averagefour documentsvhenusingthe APl andmanualranscriptionsand
®ve documentsvhenusingthe OCR basedtranscriptions. This meansthat in the caseof
the OCRtranscriptionsthe usermustbrowseonly oneadditionaldocumen{on average)n
orderto have the sameperformanceasin the caseof the manualor API transcriptions.

By applyingthe sameconsiderationgor the ¥&=100 percentpoint, it is possibleto saythat
thenumberof documentdo be browvsedalongtherankingin orderto ®nd all of therelevant
documentds 11 for manualandand API transcriptions 14 for the TransAll transcription
and17 for Trans2and TransBestranscriptions.Sincemostof the IR interfacespresenthe
retrieval resultsin pagescontainingl0 documentgthisis the casefor the mostpopularweb
searchengines)this meanghatall of thetranscriptiongequirethe userto go to the second
pagein orderto ®nd all the documents/heneed. The additionaleffort requiredto the user
becaus@f therecognitionerrorscanthusbe consideredin our opinion,acceptable.

This canbe moreeasilyobsenedin the Precisionattop N curves(seesection4) shavn in
Figure1l. The plots reportthe averagepercentagef relevantdocumentsappearingn the
®rst N positionsof the rankingaftertheretrieval process.The differencesare never higher
than10percent At N=5, theYwvaluesrangefrom 44.7(Trans2)percento 52.3(API) percent
andthis meansthat the averagenumberof relevant documentsn the ®rst ®ve positionsis
between2.2 (Trans2)and 2.6 (API). The samedifferencecanbe obsered at N=10, where
the averagenumberof relevant documentgyoesfrom 3.3 (Trans2)to 3.8 (API). The per
formanceof the systemin the top rankingpositionsis thusonly moderatelyaffectedby the
presencef therecognitionerrors.
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Figurell: Precisiorat PositionN. The®gureshawsthe Precisiomat PositionN 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

Table 3: AveragePrecisionand Break Even Point. This table reportsthe AvgP and BEP
valuesachierzedfor the generataskwhenusingdifferenttranscriptions.

Similar conclusionscanbe dravn from the AvgP and BEP (seesection4) valuesreported
in Table3. The highestperformancalifferencein termsof AvgPis 12.2 percent(between
Trans2andAPl), but if we considerthe bestOCR transcription(TransAll) the differenceis
only 6.8 percent.Thismeanghat,on averageateachRecalllevel, thenumberof documents
to be browsedis increasedy only 6.8 percentwhenpassingirom the API to the TransAll
transcription.Similar considerationsanbe madefor the BEP which accountdor the Preci-
sionat the rankingpositionequalto the numberof relevantdocumentgseesectiond). The
highestdifferenceis 12.5percent(betweenTrans2andAPI) and,sincethe averagenumber
of relevantdocumentss 6.4, it correspond$o 0.8 documents.

All of theperformancenetricsusedshawv thatthedegradationntroducedby the OCRerrors
leadsto moderateeffectson the ranking producedby the retrieval system. For this reason
theimpacton the usereffort requiredto collectthe whole setof relevantdocumentss not
signi®cant. The OCR basedtranscriptionscanthus be a reliable alternatve to the useof
APIsto 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 percentagef authornamescorrectly
recognizedsecondcolumn)andthe numberof relevantdocumentgivenan RSV different
from zero(third column).

5.5 Author Task Results

In the authortask,the queriescorrespondo the lastnamesof the authorsappearingn the
®rst slide of eachpresentation(eachnameis usedseparately).Eachslide containingthe
nameof an authoris consideredelevantto the correspondingjueryandthe taskis thusa
keyword searclratherthanaretrieval experiment.Theinterestof suchataskis thatit allows
a moreexplicit evaluationof the effect of transcriptionerrors. In fact, a relevant slide can
beretrievedif andonly if thekeywordin theslideis correctlyrecognized.The ®nal perfor
mances thusdeterminecdessentiallyby thetranscriptionguality while in thegenerakaskan
importantrole wasplayedalsoby theretrieval algorithms.

Table4 shaws the percentagef authornamesthat have beentranscribedn the sameway
asthey appeatin their correspondingjuery after normalizationandindexing. Evenin the
caseof the manualand API transcriptionssomenamesare not correctlytranscribed.The
reasons the preprocessingseesectiond4). Somenamesarewritten on the slidesusingthe
initial of the®rstnamelike in J.Smith The preprocessingemovesthe pointsandtransforms
suchanexpressioninto jsmith Thereasons thatthe pointsoften appeatn acroryms (e.g.
U.S.A) that mustbe keptasa singleterm. Sincethe queryis the last name(Smithin the
caseof the example),this leadsto someerrorsalsofor for manualand API transcriptions.
In the caseof the API, somemoreerrorsaredueto the presencef fonts andsymbolsthat
createproblems.The OCRtranscriptionsareaffectedby the samepreprocessingffectsand
by somemisrecognitions.

In a keyword searchtask, the relevant documentgi.e. the documentshat containthe
keyword submittedas query) appearalwaysat the top of the rankingandthey arethe only
documentsvith anRSV differentfrom zero. For this reasonthe Precisionvs Recallcurves
arenot appropriateandit is betterto use,asa measuref the performancethe percentage
of relevantdocumentghatareretrieved(i.e. thathave a RSV differentfrom zero),whichis
reportedin Table4. While in the caseof API andmanualtranscriptionghis simply corre-
spondgo the percentag®f correctlyrecognizedkeywords,in the caseof the OCR systems
thereis asmallimprovementdueto thefactthatpointsaresometimesecognizedasspaces
(J.Smithis thustranscribedasJ Smith) andthe preprocessingroblemdescribedabore does
nottake place.
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| Transcription| Retriesed (%) |

manual 98.8
TransAll 88.2
Trans2 76.5
TransBest 87.0
API 45.9

Table5: Percentagef retrievedrelevantslides(imagetask). This tablereportsthe percent-
ageof slideswhereat leastoneof the querytermsembeddedn ®gureshave beencorrectly
recognized.

Also in this task,the useof OCR transcriptiondeadsto retrieval performancesomparable
with thoseobtainedover manualandAPI transcriptions.

5.6 Image Task Results

In the mostcommonslidevares,the text canbe insertedonly throughappositefunctions.
This allows oneto storethe text asit is typedby the slide authorandto avoid (if an API
is available) a recognitionprocessin orderto extractit. For this reason,the API based
convertersleadto transcriptionghat are almostexemptof errors. On the otherhand, the
authorsinsertmary texts through®gures(diagramsplots, maps,logos,etc.) thatareoften
representedsbitmapsandwherethe written informationmay only be accessethroughan
OCRprocessThegoalof theimagetaskis to measureghe effectivenesof the OCR system
usedin thiswork in accessingextual information.

For eachquerywe considerto be relevantonly the slide containingthe ®gure from where
it hasbeenextracted.In somecasesthe queriescontaintermsthatarepresentlsoin other
slides,sotherelevantqueryis not alwaysat the ®rst position of the ranking. At the same
time, if all of the querytermsareincorrectlyrecognizedthe relevantslide is given a null
RSV andit is not retrieved. Table 5 reportsthe percentagef relevant slideswith RSV
higherthanzero,i.e. whereat leastone of the querytermshasbeencorrectlyrecognized.
Theresultsshav thatthe OCRis almosttwice aseffective asthe API in extractingthe text
in pictures. The reasonis that the API cannotrecognizethe texts available as bitmapsin
embeddegbictureswhile the OCRcan.

The samedifferencecanbe obsenedin theretrieval results. The plotsin Figure 12 shav
the percentagef relevant documentgankingin the ®rst N positions. The curves canbe
alsointerpretedasthe cumulatve probability distributions of relevant documentsranking
positions. The relevantdocumenis at the top of the rankingaround80 percentof thetime
for themanualtranscriptionsarounds5 percenpof thetime for the OCRbasedranscriptions
andaround35 percentof the time for the API. At thetenthposition(i.e. atthe endof the
®rst resultspagein mary IR systemimterfaces) the percentag®f relevantdocumentsises
to 94.1 percent,80 percentand 43.5 percentfor manual, TransAll and API transcriptions
respectrely. The OCRis thusalmosttwo timesmoreeffective thanthe APl basedsystemin
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Figurel12: Fractionof relevantdocumentst positionN. The plotsreportsthe percentagef
relevantdocumentappearingatthe ®rst N positionsof theranking.

indexing thetext containedn ®gures.

6 Conclusions

Presentatioslidesrepresenavaluablesourceof information. They areoftentheonly record
left after a presentations given andthey are usedmore and moreto replacereportsand
memosasa meanof communicatiorin large organizationg30]. Limited efforts have been
madeto ourknowledge to index andretrieve themin orderto effectively usetheinformation
they contain.This paperpresentedetrieval experimentgperformedover slidetranscriptions
obtainedby ®rst capturingthe slideimages(with a framegrabber)andthenby applyingan
OCR process.The resultsshav thatthe transcriptionerrorsaffect only to a limited extent
theretrieval results.In otherwords,the performancechiezedon suchtranscriptionss close
to the oneachieved over transcriptionsobtainedwith an API basedsystemableto capture
withouterrorsthetext insertedn slides.Moreover, the OCR basedsystemoutperformssig-
ni®cantly the API basedonein extractingand capturingthe text embeddedn ®guresand
imageg(oftennotaccessibléo APIS).

Theuseof anOCRratherthanAPI basedranscriptionsystemhasat leasttwo mainadvan-
tages.The®rstis thatthe APIs areexpensve andneedto be changedeachtime a different
slidewareis usedto createthe presentation.Moreover, proprietaryformatsare subjectto
changeandthis makesthe APIs obsoleteafterarelatively shortlifespan. The OCR process
is robustto the above problemsbecauset works on slide imagesstoredin a format(jpg in
our case)independenbf the slideware usedto createthe presentationsThe seconds that
theuseof an OCR processallows oneto index thetext (mostly not accessibléo APIs) em-
beddedn ®gures.

The systempresentedn this papercanbe the startingpoint for several directionsof future
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work. The®rstis to usetheslidesto index thetalkswherethey have beenused.In factthey
canbe synchronizedthroughthe framegrabber)to video segmentsrecordedwith a video-
camera.By retrieving the slidesit will bethuspossibleto retrieve the correspondinyideo
segments. The seconds to enrichthe slide indexing with informationsourcedik e layout
(bullett lists, positionof the text with respecto images,etc.), presencef visual elements
(imagesplots,diagramsetc.),animationsyideos,etc.. Moreover, theslidescanbeusedto-
getherwith otherinformationstreamge.g. the speechrecording)to index the presentations
they areextractedfrom.

Theabove possibilitiesfor futurework arefarfrom beingexhaustve andtheinvestigationof
the problemcanleadto new applicationsnot consideredofar. Thisis, in our opinion,one
of themostinterestingaspecbf our work.
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