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ABSTRACT

No existing documentimage understandindechnology whether
experimentalor commerciallyavailable,canguaranteédiigh accu-
ragy acrosshefull rangeof document®f interestto industrialand
governmentageny users.ldeally, usersshouldbe ableto search,
accessgxamine,and navigate amongdocumentimagesas effec-
tively asthey canamongencodeddatafiles, usingfamiliar inter-
facesandtools as fully as possible. We are investigatingnovel
algorithmsand softwaretools at the frontiersof documenimage
analysis,informationretrieval, text mining, andvisualizationthat
will assisin thefull integrationof suchdocumentsnto collections
of textual documentimagesaswell as“born digital” documents.
Our approachesmphasizeversatility first thatis, methodswhich
work reliably acrosghe broadespossiblerangeof documents.

Categoriesand Subject Descriptors
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[Information Storageand Retrieval]: Digital Libraries: Collec-
tion, Systemsssues
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1. INTRODUCTION

The challengedacedby mary industriesand US government
agenciedn automatingthe capture,understandingand reuseof
scannechardcoy documentsnclude extremely high volumesof
documentsndadauntinglywide varietyof documentypes.High-
accurag OCR systemglo not exist for mary languagesndwrit-
ing systemsdueto the lack of commercialincentvesto develop
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them.Also, mary documentswhenscannedyield imagesof such
low quality thatcorventionalOCR systemdail almostcompletely
Moreover, laterstageprocessesncluding retrieval and datamin-
ing, may be severelyimpactedby documentnalysisandOCR er-
rors.

In the Departmentof ComputerScienceand Engineeringat
Lehigh University we arestudyingmary of thesekey issues.For
example,in the pastwe have performedwork on:

e high—accurag OCR on low—quality documentimages[10,
47],

e rohust retrieval from noisy text corporaby combiningap-
proximatestring matchingtechniqueswith fuzzy logic [33,
31],

e documentimagequality modelingand applicationsof such
modelsto the constructionof high—performanc®©CR sys-
tems[1, 22],

e duplicatedetectionfor scanneddocumentghat have been
subjecteckitherto OCR[34] or characteshapecoding[32],

e the impact of recognitionerrorson documentsummariza-
tion [26],

o reductionof theknowledgeengineeringostof textual infor-
mationextraction[52], and

e building searchenginesand identifying topical locality
within hyperlinked Webpageq16, 15]

Recently we identified someof the most pressingissuescon-
frontinggovernmentgenciesttemptingo build andmanagdarge
collectionsof scannedlocumentmageq?2].

2. RESEARCH DIRECTIONS

In this section,we discusssomeof the researchopicsthat we
believe would helpsolve theseproblemsandthatwe arecapableof
addressing.

2.1 *“Versatility-First” DIA Reseach

Onepromisingstratgy for improving theperformancef image
understandingystemdy the ordersof magnitudethatareneeded
is, we believe, to aim for versatility first For decadeshe machine
visionR&D communityhasoptimizedfor high speedandfor high
accurag on some(oftenonly asmall)fractionof theinputimages,



but only later— if atall — for versatility, by whichwe meanguar
anteedcompetencever a broad and preciselyspecifiedclass of
images. As aresult,vision technologiesstill fall far shortof both
humanabilitiesandusers’needs:they areoverspecializedbrittle,
unreliable andimproving only with painful slovness.

A versatility-firstvisionresearchprogrambeginswhenwe select
a broad,challengingfamily of images:e.g., all printeddocuments
potentiallycontainingary of mary languagesscripts,pagelayout
styles,andimagequalities. Then,we investigatevaysto:

e captureas much as possibleof theseimages’variety in a formal
generatie (often stochasticynodelthat combinesseveral submod-
els, eg., of imagequality, layout, andlanguag€this requiresboth
analyticalrigor andsophisticatedtatisticaimodeling for significant
progressowardsthis, cf. [27, 2]);

o develop methodsfor inferring the parameter®f suchmodelsfrom
labeledtraining data(which canbe difficult eventhoughthereis a
largerelevantliterature,e.g., [28, 40]);

o designprovably optimalrecognitionalgorithms for eachsubmodel,
andfor the systemasa whole, for bestpossibleresultswith respect
to the models(anintellectualchallengebut sometimesioable e.g.,
[41,42]);

o (only then) reducerun timesto practicallevels, carefully without
lossof generality(this may requireinventionsbut is almostalways
possiblee.g., [37, 8, 10]);

e organizethe systemto adaptits modelparameterso unlabeledest
data,onthefly, andsoretrainitself with aminimumof manuakssis-

tance(progresshasbeenreported,n recentyears,at RPI [46], Bell
Labs[5], andPARC [9]); and

e constructanytime’ recognitionsystemsavhich,whenallowedto run
indefinitely are guaranteedo improve accurag monotonicallyto
thebestachieable,i.e., consistentvith the Bayeserrorof the prob-
lem (a daunting,exciting, but asyet almostuntouchedesearctdo-
main).

Our experienceinventing, building, testing, patenting,and ap-
plying systemsof this type hascorvinced us of their promise—
successesofarinclude:

e aworld recordin accurag (99.995%charactersorrect)achieved by
exploiting semantiaswell assyntactionodelsof imageconten{6];

e a pagereaderthatis quickly and easily ‘retamgetable’to new lan-
guagesncluding Japanesd3ulgarian,andTibetan[3];

e anautomaticallyself-correctingclassifierthatcutsits own errorrate
by large factorswithoutretraining,given merelya singlehint [5];

e a high-accurag talulardatareaderthat, with only 15 minutesof
clerical effort, canbe trainedto a new table-type,appliedto over
400differentforms[48];

e aprinted-tat recognitiontechnologytrainablewith low manualef-
fort, that maintainsuniformly high accurag over an unprecedent-
edly broadrangeof imagequalities;and

o world-classweb security technology(CAPTCHAS) able to block
programg’bots, spiders etc) from abusingweb servicespy means
of automated uring teststhatexploit the gapin ability betweerhu-
mansandmachinesn readingdegradedmagesof text [4, 13].

2.2 Retrieving from Noisy Sources

Most publishedmethodsfor retrieval of documentimagesfirst
attemptrecognitionand transcriptionfollowed by indexing and
searchoperatingon the resulting(in general,erroneousgncoded
text using,e.g., standardbag-of-words” informationretrieval (IR)
methods.Early papersby Tagh\a, et al. shav thatmoderateerror
rateshave little impacton the effectivenes=f traditionalinforma-
tion retrieval measuresor relatively long document$49, 50]. The
excellentsuney by Doermanr{19] summarizedhe stateof theart
(in 1997)of retrieval of entiremulti-pagearticlesasfollows:

1. at OCR charactererror ratesbhelov 5%, theselR methods
suffer little lossof eitherrecallor precision;and

2. aterrorratesabove 20%, both recall and precisiondegrade
significantly

A crucialopenproblem which we arestudying,is the effective-
nessof “first OCR, thenIR” methodson shortpassagesuchas,
in anextremebut practicallyimportantcase fields containingkey
metadatdtitle, author etc.). Within suchpassagedictionarysolu-
tionsmay not helpinterpretatiorof arcaneor unusuawords(such
asnamef peopleandplaces) Approximatestringmatchingtech-
niquesoffer somepromisefor improving recall,aswe have shavn
in earlierpaperd33, 31].

To comparethe behaior of traditionalBooleanretrieval versus
our proposedfuzzy” methodswe performeda large-scaleexper
iment involving a total of 59.6 million query evaluationsand a
databasef 1,000news articlesgatheredrom theInternet.To sim-
ulatethe outputof anOCR processwe codedin C a Unix filter for
generatingrrorsbasednaconfusionmatrixderivedfrom analyz-
ing alarge corpusof real OCR output,yielding error patternshat
appeaiuthentic.

Cunrwesfor this experimentare presentedn Figure1l. Approx-
imate string matchingexhibits animpressie degreeof robustness
in termsof recall. By thetime the noiselevel approache20%, the
traditionalretrieval modelis returningfewer than50% of thetrue
hits, while the fuzzy algorithmcapture95%. For documentghat
have sufferedsevere damaggnoiselevels of 60% or greater) the
traditionalapproachmissesover 90%of thehits,whereaghefuzzy
methodstill returnsover half.
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Figure 1: Resultsfor Booleanretrieval under confusionmatrix
noise.

With regardsto precisionthefuzzy modelis understandabliess
selectve: only about30% of the hits it returnsare “true” Still,
it is often preferableto returna little too muchdatathanto miss
somethingmportant.

2.3 Summarizing Noisy Documents

In arecentpaper[26], we examinedsomeof the challengesn
summarizingnoisy documents.In particular we broke down the
summarizatiorprocessnto four steps: sentencéboundarydetec-
tion, preprocessin@part-of-speeckagging[35] andsyntacticpars-
ing), extraction,andpost-editind25]. Wetestedeachsteponnoisy
documentsand analyzedthe errorsthat arose,finding that these
modulessuffered significantdegradationasthe noiselevel in the
documentincreased. We also studiedhow the overall quality of



Table 1: OCR performance relative to ground-truth (average
precisionand recall).

PerCharacter
All Symbols Punctuation PerWord
Prec. Recall| Prec. Recall| Prec. Recall
OCR.clean] 0.990 0.882 | 0.869 0.506 | 0.963 0.874
OCRL.light | 0.897 0.829 | 0.556 0.668 | 0.731 0.679
OCR.dark | 0.934 0.739 | 0.607 0.539 | 0.776 0.608
OCR.fax 0.969 0.939 | 0.781 0.561 | 0.888 0.879
OCR.slew | 0.991 0.879 | 0.961 0.496 | 0.963 0.869

summarizatiorwasaffectedby the noiselevel andtheerrorsmade
ateachstageof processing.

The summarizatiorpipelinewasevaluatedusingdocumentsx-
hibiting both syntheticandreal noise. In the latter cateyory were
pagesthat had been printed, possibly degradedin some way;,
scannedat 300dpi usinga UMAX Astra1200Sscannerandthen
OCR’edwith CaereOmniPageLimited Edition. Theseincluded:

clean Thepageasprinted.

fax A faxedversionof thepage.

dark An excessiely dark(but legible) photocop.

light An excessiely light (but legible) photocop.

skew Thecleanpageskewedonthescanneglass.

Notethatbecausehefaxed andphotocopiediocumentsverepro-
cessedby running them through automatic page feeders,these
pagescanalsoexhibit noticeableskew.

In examiningthe accurag of the OCR processusing edit dis-
tancetechniqueg21], we determinedhat OCR performancevar-
ied widely dependingon the type of degradation,asshavn in Ta-
ble 1. Punctuatiorsymbolswere particularlyhard-hitdueto their
small size,which is critical becausef their importancein delim-
iting sentencéoundaries.For cleantext, sentencéboundaryde-
tectionis notabig problem;thereportedaccuray is usuallyabove
95%[39, 44,45]. However, sincesuchsystemdypically depencn
punctuationcapitalizationandwordsimmediatelyprecedingand
following punctuatiorto make judgmentsaboutpotentialsentence
boundariesgetectingsentencédoundariesn noisydocumentss a
challengedueto the unreliability of suchfeatures.

We alsofound that syntacticparseramay be very vulnerableto
noisein adocumen{Table2). Evenlow levels of noisetendedto
leadto asignificantdropin performanceFor documentsvith high
levels of noise,it may be betternot to rely on syntacticparsingat
all sinceit will likely fail on a large portion of the text, andeven
whenresultsarereturnedthey will beunreliable.

Employing threemeasuresisedin the DocumentUnderstanding
Conferencd20] for assessinthe quality of generatedummaries,
unigramoverlapbetweerthe automaticsummaryandthe human-
createcsummarybigramoverlap,andthesimplecosine we evalu-
atedtheoverall performancef ourtestsummarizatiorsystem Not
surprisingly summarie®f noisierdocumentgenerallyhadalower
overlapwith human-createdummariegfor full details,see[26]).

As ourresultsshaved, the methodswe testedat every stepwere
fragile, susceptibleo failuresanderrorsevenwith slightincreases
in the noiselevel of a document.Clearly muchwork needso be
doneto achiere acceptabl@erformancén noisydocumensumma-
rization. We needto develop summarizatioralgorithmsthatdo not
suffer significantdegradatiomwhenusedon noisy documents We
alsoneedto develop the robust naturallanguageprocessingech-
niquesthat arerequiredby summarization.Thesewould include,

Table 2: Percentageof sentenceswith incomplete parse trees
from the ESG parser [35]. Sentenceboundarieswere first de-

tected using two differ ent tokenizersand individual sentences
were givento ESG asinput.

| | Tokenizerl Tokenizer? |

Original 10% 5%
OCR:.clean 2% 3%
OCR:.light 46% 53%
OCR.dark 37% 43%
OCR.fax 37% 30%
OCR.slew 5% 6%

for example sentencdoundarydetectiorsystemghatcanreliably
identify sentencéreaksin noisydocuments.

2.4 Automating Metadata Creation

A large portion of the expenseandeffort in bringingdocument
imagewnlineis theextraction,correctionandcreationof metadata.
In previous work we have developedtechniquedor classification
of andautomaticassignmenbf keywordsto documentg14]; this
work canbe meiged and extendedwith our work on information
extractiontechniquege.g., [52]) to aidin theautomaticassignment
of varioustypesof textual metadatao documenimages.

In termsof correctingOCR errorsin metadatajn the caseof
Lehigh University’'s “Digital Bridges” digital library [17], the li-
brariangnvolvedin theprojectestimatahatcompletecorrectionof
OCR errorsin metadataook approximatelylO minutesper page,
or six pagesan hour; so for a 300 pagebook, a total of 50 hours
wasrequired[36]. Basedon feedbackwe have receved, thereis
no doubtthatthe needfor extensve manualpost-processing re-
gardedas a major hurdle in the constructionof large collections
from scannediocumenimages.

2.5 Presewing Uncertainty

Thecreationof alarge-scaleepositoryfrom documentmagess
likely to introducemary errorsinto therecognizedext, which can
degraderetrieval quality (asdescribedn Section2.3). Insteadof
enforcingthetraditionalboundanbetweerOCRandIR, wewould,
in fact,like to presere uncertaintythroughoubur systemasmuch
as possible. Doing so allows us to recognizewherethe system
knows aboutpossibleerrors,permittingbetterdetugging,andpos-
sible incorporationof end-usercorrectionandtraining. Given ap-
propriatefeedbackaboutnen content,recognitionsystemsanbe
trained,thusimproving their performanceon similar future tasks.
In generalmanuakorrectionof OCR’edtext is infeasiblefor large-
scaleefforts — the time and expenseare too high. Instead,we
believe that what is neededs to designandbuild a collaboratve
tool for editingandcorrection,providing valuablefeedbacko the
underlyingrecognitionmodel, both to train the systemfor future
recognitiontasks,but alsoto re-evaluatepastuncertainty Thus,
the correctionof oneimagefrom one pageof a documentcould
have aripple effect throughouthe documentandperhapgo other
documentsvhich hadsimilar uncertainties.

Suchasystemwill requirework in anumberof areas.

e A collaboratve editing scheme.One possibility includesa
communityapproval processa la Slashdot[38]. A good
editorwill make correctionghatareappraoed by others,in-
creasingheeditor's authority thusdecreasingheamountof
confirmationrequiredby othersin the future. Another di-



rectionis simpleredundang in proofreadingasin Project
Gutenbeg's Distributed Proofreadergffort [18]. Thetypes
of editing/correctiorselectedor a particularprojectwill de-
pendheaily on the type of collectionandthe audienceto
whichit is presented.

e A strongdependencerror model,sothatwhencorrections
aremade,otherscenariosvith the sameuncertaintycanbe
quickly identified.In practice,it maybenecessaryo go fur-
ther—to incorporatedependencinformationinto all recog-
nizedtext, notjust uncertairtext.

This aspectof our work requiresa comprehense end-to-end
model in which documentinformation is managedfrom initial
imagingthroughOCR,indexing, andend-usepresentation.

2.6 Automated Creation of Hypertext Links
for Documentimages

The presentatiomf imageddocumentgrom a digital repository
shouldprovide atleastthe functionality of the original documents,
andwhereappropriateprovide improvementghatdigital represen-
tationmalkespossible.

Text thatreferencesr discussefiguresor otherdocumentss an
excellentcandidatdor innovative linking andhypertet navigation.
Akin to previous work in informationextractionfrom captionsin
documenimages(e.g., [23, 24]), we planto identify, extract,and
index suchtext, in additionto recognizingand indexing within-
image text andexplicit captions. This allows usto make non-text
images(e.g.,, figures,plates)retrievableusingtext queries(in con-
trastto mostcontent-basetetrieval technique$51, 53]).

Recognizingtextual contentthat discussesa figure or image
would alsobeusefulin decidingto includeanimagefor automated
summarizatiopurposesand finding the first suchreferencecan
assistn re-flowing a documenfor betterpresentatiorfsee for ex-
ample,[11]).

Priorwork hasfocusedon the automatiaecognitionandextrac-
tion of scholarlycitations(e.g., CiteSeer/Researchind§9, 30])
but hasnot incorporatedthe discussiontext as part of the cited
document.On the Web, in contrast,searchenginesroutinely as-
sociatethe contentin links bothto the sourcedocumentndto the
cited Web page[12], sincesuchtext is a good descriptorof the
targetdocumen{15]. Thisis exploited by motivatedWeb authors
for searchenginemanipulationandfor whatis known asGoogle-
bombing[7] — creatingenoughlinks with commonanchortext to
a particularsite to placethatsite at or nearthe top of therankings
whentheanchortext is usedasthequery

Whenindexing imagesthe majorWeb searchenginesusesome
available text. They all usetext within the URL of the image,
but somego further Googles imagesearchis presentlycapable
of usingimage captions;it alsousespageform text (e.g., pull-
down menus) but not generaltext (or titles, etc.). AltaVista'sim-
agesearch,jn contrastapparentlyusestext from the citing page,
which allows for mary morematchesbut alsoincludesmary poor
matches.

The accurateselectionof relevant text will male an otherwise
irretrievablefigureaccessibleia a searchengine We planto make
useof text miningtechniquesin particular givenlabeledexamples
of the kinds of referencesve wish to find, informationextraction
algorithmscan be trainedto recognizenew occurrencege.g., as
in [52]).

3. CONCLUSIONS

We have touchedon sereral key areasof our researchagenda.
Collectively we are fortunateto have the experienceto spanthe

hardcoy documentprocessingdomain from documentcapture
throughinformationretrieval andtext mining. As is oftenthecase,
it is at the boundarie®f the variousstagef hardcoy document
processinghatwork in end-to-endystemslevelopmenis needed.
Giventhenatureof ourcollective experienceit is preciselyin these
‘transitional’ areasof end-to-endprocessingystemshat we feel

mostcapableof makingsignificantcontritutions.
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