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ABSTRACT
No existing documentimageunderstandingtechnology, whether
experimentalor commerciallyavailable,canguaranteehigh accu-
racy acrossthefull rangeof documentsof interestto industrialand
governmentagency users.Ideally, usersshouldbeableto search,
access,examine,andnavigateamongdocumentimagesaseffec-
tively asthey canamongencodeddatafiles, usingfamiliar inter-
facesand tools as fully as possible. We are investigatingnovel
algorithmsandsoftwaretools at the frontiersof documentimage
analysis,informationretrieval, text mining, andvisualizationthat
will assistin thefull integrationof suchdocumentsinto collections
of textual documentimagesaswell as“born digital” documents.
Our approachesemphasizeversatility first: that is, methodswhich
work reliablyacrossthebroadestpossiblerangeof documents.

Categoriesand SubjectDescriptors
I.7.5[Documentand Text Processing]: DocumentCapture;H.3.6
[Inf ormation Storageand Retrieval]: Digital Libraries: Collec-
tion, Systemsissues

GeneralTerms
Algorithms,Design,Experimentation,Management

Keywords
Documentanalysis,informationretrieval, OCRerrormanagement

1. INTRODUCTION
The challengesfacedby many industriesand US government

agenciesin automatingthe capture,understanding,and reuseof
scannedhardcopy documentsincludeextremelyhigh volumesof
documentsandadauntinglywidevarietyof documenttypes.High-
accuracy OCRsystemsdo not exist for many languagesandwrit-
ing systemsdue to the lack of commercialincentives to develop
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them.Also, many documents,whenscanned,yield imagesof such
low quality thatconventionalOCRsystemsfail almostcompletely.
Moreover, later-stageprocesses,including retrieval anddatamin-
ing, maybeseverely impactedby documentanalysisandOCRer-
rors.

In the Departmentof ComputerScienceand Engineeringat
LehighUniversity, we arestudyingmany of thesekey issues.For
example,in thepastwehaveperformedwork on:

� high–accuracy OCR on low–quality documentimages[10,
47],

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

� documentimagequality modelingandapplicationsof such
modelsto the constructionof high–performanceOCR sys-
tems[1, 22],

� duplicatedetectionfor scanneddocumentsthat have been
subjectedeitherto OCR[34] or charactershapecoding[32],

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

� reductionof theknowledgeengineeringcostof textual infor-
mationextraction[52], and

� building search engines and identifying topical locality
within hyperlinkedWebpages[16, 15]

Recently, we identifiedsomeof the most pressingissuescon-
frontinggovernmentagenciesattemptingto build andmanagelarge
collectionsof scanneddocumentimages[2].

2. RESEARCH DIRECTIONS
In this section,we discusssomeof the researchtopicsthat we

believewouldhelpsolve theseproblemsandthatwearecapableof
addressing.

2.1 “Versatility-First” DIA Research
Onepromisingstrategy for improving theperformanceof image

understandingsystemsby theordersof magnitudethatareneeded
is, we believe, to aim for versatility first. For decadesthemachine
visionR&D communityhasoptimizedfor highspeed,andfor high
accuracy onsome(oftenonly asmall)fractionof theinput images,



but only later— if atall — for versatility, by whichwemeanguar-
anteed� competenceover a broad and preciselyspecifiedclassof
images. As a result,vision technologiesstill fall far shortof both
humanabilitiesandusers’needs:they areoverspecialized,brittle,
unreliable,andimproving only with painfulslowness.

A versatility-firstvisionresearchprogrambeginswhenweselect
a broad,challengingfamily of images:e.g., all printeddocuments
potentiallycontainingany of many languages,scripts,pagelayout
styles,andimagequalities.Then,we investigatewaysto:

� captureas much as possibleof theseimages’variety in a formal
generative (often stochastic)modelthat combinesseveral submod-
els,e.g., of imagequality, layout,andlanguage(this requiresboth
analyticalrigor andsophisticatedstatisticalmodeling,for significant
progresstowardsthis,cf. [27, 2]);

� develop methodsfor inferring the parametersof suchmodelsfrom
labeledtraining data(which canbe difficult even thoughthereis a
largerelevant literature,e.g., [28, 40]);

� designprovably optimalrecognitionalgorithms,for eachsubmodel,
andfor thesystemasa whole,for bestpossibleresultswith respect
to themodels(an intellectualchallengebut sometimesdoable,e.g.,
[41, 42]);

� (only then) reducerun times to practical levels, carefully without
lossof generality(this may requireinventionsbut is almostalways
possible,e.g., [37, 8, 10]);

� organizethesystemto adaptits modelparametersto unlabeledtest
data,onthefly, andsoretrainitself with aminimumof manualassis-
tance(progresshasbeenreported,in recentyears,at RPI [46], Bell
Labs[5], andPARC [9]); and

� construct‘anytime’ recognitionsystemswhich,whenallowedto run
indefinitely, are guaranteedto improve accuracy monotonicallyto
thebestachievable,i.e., consistentwith theBayeserrorof theprob-
lem (a daunting,exciting, but asyet almostuntouchedresearchdo-
main).

Our experienceinventing,building, testing,patenting,andap-
plying systemsof this type hasconvincedus of their promise—
successessofar include:

� aworld recordin accuracy (99.995%characterscorrect)achievedby
exploiting semanticaswell assyntacticmodelsof imagecontent[6];

� a pagereaderthat is quickly andeasily ‘retargetable’ to new lan-
guagesincludingJapanese,Bulgarian,andTibetan[3];

� anautomaticallyself-correctingclassifierthatcutsits own errorrate
by largefactorswithout retraining,givenmerelyasinglehint [5];

� a high-accuracy tabular-datareaderthat, with only 15 minutesof
clerical effort, can be trainedto a new table-type,appliedto over
400differentforms[48];

� a printed-text recognitiontechnology, trainablewith low manualef-
fort, that maintainsuniformly high accuracy over an unprecedent-
edlybroadrangeof imagequalities;and

� world-classweb security technology(CAPTCHAs) able to block
programs(’bots, spiders,etc) from abusingwebservices,by means
of automatedTuring teststhatexploit thegapin ability betweenhu-
mansandmachinesin readingdegradedimagesof text [4, 13].

2.2 Retrieving fr om NoisySources
Most publishedmethodsfor retrieval of documentimagesfirst

attemptrecognitionand transcriptionfollowed by indexing and
searchoperatingon the resulting(in general,erroneous)encoded
text using,e.g., standard“bag-of-words” informationretrieval (IR)
methods.Early papersby Taghva, et al. show thatmoderateerror
rateshave little impacton theeffectivenessof traditionalinforma-
tion retrieval measuresfor relatively longdocuments[49, 50]. The
excellentsurvey by Doermann[19] summarizedthestateof theart
(in 1997)of retrieval of entiremulti-pagearticlesasfollows:

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

2. at error ratesabove 20%,both recall andprecisiondegrade
significantly.

A crucialopenproblem,whichwearestudying,is theeffective-
nessof “first OCR, thenIR” methodson shortpassagessuchas,
in anextremebut practicallyimportantcase,fieldscontainingkey
metadata(title, author, etc.).Within suchpassages,dictionarysolu-
tionsmaynot helpinterpretationof arcaneor unusualwords(such
asnamesof peopleandplaces).Approximatestringmatchingtech-
niquesoffer somepromisefor improving recall,aswe haveshown
in earlierpapers[33, 31].

To comparethebehavior of traditionalBooleanretrieval versus
our proposed“fuzzy” methods,we performeda large-scaleexper-
iment involving a total of 59.6 million query evaluationsand a
databaseof 1,000newsarticlesgatheredfrom theInternet.To sim-
ulatetheoutputof anOCRprocess,wecodedin C aUnix filter for
generatingerrorsbasedonaconfusionmatrixderivedfrom analyz-
ing a largecorpusof realOCRoutput,yielding errorpatternsthat
appearauthentic.

Curvesfor this experimentarepresentedin Figure1. Approx-
imatestringmatchingexhibits an impressive degreeof robustness
in termsof recall.By thetime thenoiselevel approaches

�����
, the

traditionalretrieval modelis returningfewer than50%of thetrue
hits, while the fuzzy algorithmcaptures95%. For documentsthat
have sufferedseveredamage(noiselevels of � ��� or greater),the
traditionalapproachmissesover90%of thehits,whereasthefuzzy
methodstill returnsoverhalf.

Figure1: Resultsfor Booleanretrieval under confusionmatrix
noise.

With regardsto precision,thefuzzymodelis understandablyless
selective: only about30% of the hits it returnsare “true.” Still,
it is often preferableto returna little too muchdatathanto miss
somethingimportant.

2.3 Summarizing NoisyDocuments
In a recentpaper[26], we examinedsomeof the challengesin

summarizingnoisy documents.In particular, we broke down the
summarizationprocessinto four steps:sentenceboundarydetec-
tion,preprocessing(part-of-speechtagging[35] andsyntacticpars-
ing),extraction,andpost-editing[25]. Wetestedeachsteponnoisy
documentsand analyzedthe errorsthat arose,finding that these
modulessufferedsignificantdegradationasthe noiselevel in the
documentincreased.We alsostudiedhow the overall quality of
summarizationwasaffectedby thenoiselevel andtheerrorsmade
at eachstageof processing.

Thesummarizationpipelinewasevaluatedusingdocumentsex-
hibiting both syntheticandreal noise. In the latter category were



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

Per-Character
All Symbols Punctuation Per-Word

Prec. Recall Prec. Recall Prec. Recall

OCR.clean 0.990 0.882 0.869 0.506 0.963 0.874
OCR.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.skew 0.991 0.879 0.961 0.496 0.963 0.869

pagesthat had been printed, possibly degraded in some way,
scannedat 300dpi usinga UMAX Astra1200Sscanner, andthen
OCR’edwith CaereOmniPageLimited Edition. Theseincluded:

clean Thepageasprinted.

fax A faxedversionof thepage.

dark An excessively dark(but legible)photocopy.

light An excessively light (but legible)photocopy.

skew Thecleanpageskewedon thescannerglass.

Notethatbecausethefaxedandphotocopieddocumentswerepro-
cessedby running them through automaticpagefeeders,these
pagescanalsoexhibit noticeableskew.

In examining the accuracy of the OCR processusingedit dis-
tancetechniques[21], we determinedthat OCRperformancevar-
ied widely dependingon the typeof degradation,asshown in Ta-
ble 1. Punctuationsymbolswereparticularlyhard-hitdueto their
small size,which is critical becauseof their importancein delim-
iting sentenceboundaries.For cleantext, sentenceboundaryde-
tectionis notabig problem;thereportedaccuracy is usuallyabove
95%[39,44,45]. However, sincesuchsystemstypicallydependon
punctuation,capitalization,andwordsimmediatelyprecedingand
following punctuationto make judgmentsaboutpotentialsentence
boundaries,detectingsentenceboundariesin noisydocumentsis a
challengedueto theunreliabilityof suchfeatures.

We alsofound thatsyntacticparsersmaybevery vulnerableto
noisein a document(Table2). Evenlow levelsof noisetendedto
leadto asignificantdropin performance.For documentswith high
levelsof noise,it maybebetternot to rely on syntacticparsingat
all sinceit will likely fail on a large portionof the text, andeven
whenresultsarereturned,they will beunreliable.

Table 2: Percentageof sentenceswith incomplete parse tr ees
fr om the ESG parser [35]. Sentenceboundarieswere first de-
tected using two differ ent tokenizersand individual sentences
weregiven to ESG asinput.

Tokenizer1 Tokenizer2

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

Employing threemeasuresusedin theDocumentUnderstanding
Conference[20] for assessingthequality of generatedsummaries,

unigramoverlapbetweentheautomaticsummaryandthehuman-
createdsummary, bigramoverlap,andthesimplecosine,weevalu-
atedtheoverallperformanceof ourtestsummarizationsystem.Not
surprisingly, summariesof noisierdocumentsgenerallyhadalower
overlapwith human-createdsummaries(for full details,see[26]).

As our resultsshowed,themethodswe testedat everystepwere
fragile,susceptibleto failuresanderrorsevenwith slight increases
in thenoiselevel of a document.Clearly, muchwork needsto be
donetoachieveacceptableperformancein noisydocumentsumma-
rization.Weneedto developsummarizationalgorithmsthatdonot
suffer significantdegradationwhenusedon noisydocuments.We
alsoneedto develop the robust naturallanguageprocessingtech-
niquesthat arerequiredby summarization.Thesewould include,
for example,sentenceboundarydetectionsystemsthatcanreliably
identify sentencebreaksin noisydocuments.

2.4 Automating Metadata Creation
A largeportionof the expenseandeffort in bringingdocument

imagesonlineis theextraction,correctionandcreationof metadata.
In previous work we have developedtechniquesfor classification
of andautomaticassignmentof keywordsto documents[14]; this
work canbe mergedandextendedwith our work on information
extractiontechniques(e.g., [52]) to aidin theautomaticassignment
of varioustypesof textualmetadatato documentimages.

In termsof correctingOCR errorsin metadata,in the caseof
Lehigh University’s “Digital Bridges” digital library [17], the li-
brariansinvolvedin theprojectestimatethatcompletecorrectionof
OCRerrorsin metadatatook approximately10 minutesperpage,
or six pagesan hour; so for a 300 pagebook, a total of 50 hours
wasrequired[36]. Basedon feedbackwe have received, thereis
no doubtthat theneedfor extensive manualpost-processingis re-
gardedasa major hurdle in the constructionof large collections
from scanneddocumentimages.

2.5 Preserving Uncertainty
Thecreationof alarge-scalerepositoryfrom documentimagesis

likely to introducemany errorsinto therecognizedtext, whichcan
degraderetrieval quality (asdescribedin Section2.3). Insteadof
enforcingthetraditionalboundarybetweenOCRandIR, wewould,
in fact,like to preserveuncertaintythroughoutoursystemasmuch
as possible. Doing so allows us to recognizewherethe system
knowsaboutpossibleerrors,permittingbetterdebugging,andpos-
sible incorporationof end-usercorrectionandtraining. Givenap-
propriatefeedbackaboutnew content,recognitionsystemscanbe
trained,thusimproving their performanceon similar future tasks.
In general,manualcorrectionof OCR’edtext is infeasiblefor large-
scaleefforts — the time and expenseare too high. Instead,we
believe that what is neededis to designandbuild a collaborative
tool for editingandcorrection,providing valuablefeedbackto the
underlyingrecognitionmodel,both to train the systemfor future
recognitiontasks,but also to re-evaluatepastuncertainty. Thus,
the correctionof one imagefrom onepageof a documentcould
have a ripple effect throughoutthedocument,andperhapsto other
documentswhichhadsimilaruncertainties.

Suchasystemwill requirework in anumberof areas.
� A collaborative editing scheme.Onepossibility includesa

communityapproval process,a la Slashdot[38]. A good
editorwill make correctionsthatareapprovedby others,in-
creasingtheeditor’sauthority, thusdecreasingtheamountof
confirmationrequiredby othersin the future. Anotherdi-
rectionis simpleredundancy in proofreading,as in Project
Gutenberg’s DistributedProofreaderseffort [18]. Thetypes
of editing/correctionselectedfor aparticularprojectwill de-



pendheavily on the type of collectionandthe audienceto
which it is presented.

� A strongdependency errormodel,so thatwhencorrections
aremade,otherscenarioswith the sameuncertaintycanbe
quickly identified.In practice,it maybenecessaryto go fur-
ther– to incorporatedependency informationinto all recog-
nizedtext, not justuncertaintext.

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

2.6 Automated Creation of Hypertext Links
for DocumentImages

Thepresentationof imageddocumentsfrom a digital repository
shouldprovideat leastthefunctionalityof theoriginaldocuments,
andwhereappropriate,provideimprovementsthatdigital represen-
tationmakespossible.

Text thatreferencesor discussesfiguresor otherdocumentsis an
excellentcandidatefor innovative linking andhypertext navigation.
Akin to previous work in informationextractionfrom captionsin
documentimages(e.g., [23, 24]), we plan to identify, extract,and
index suchtext, in addition to recognizingand indexing within-
image text andexplicit captions.This allows us to make non-text
images(e.g., figures,plates)retrievableusingtext queries(in con-
trastto mostcontent-basedretrieval techniques[51, 53]).

Recognizingtextual content that discussesa figure or image
wouldalsobeusefulin decidingto includeanimagefor automated
summarizationpurposes,andfinding the first suchreferencecan
assistin re-flowing a documentfor betterpresentation(see,for ex-
ample,[11]).

Priorwork hasfocusedon theautomaticrecognitionandextrac-
tion of scholarlycitations(e.g., CiteSeer/ResearchIndex [29, 30])
but hasnot incorporatedthe discussiontext as part of the cited
document.On the Web, in contrast,searchenginesroutinely as-
sociatethecontentin links bothto thesourcedocumentandto the
cited Web page[12], sincesuchtext is a good descriptorof the
targetdocument[15]. This is exploitedby motivatedWebauthors
for searchenginemanipulationandfor what is known asGoogle-
bombing[7] — creatingenoughlinks with commonanchortext to
a particularsite to placethatsiteat or nearthetop of therankings
whentheanchortext is usedasthequery.

Whenindexing images,themajorWebsearchenginesusesome
available text. They all use text within the URL of the image,
but somego further. Google’s imagesearchis presentlycapable
of using imagecaptions;it also usespageform text (e.g., pull-
down menus),but not generaltext (or titles, etc.). AltaVista’s im-
agesearch,in contrast,apparentlyusestext from the citing page,
whichallows for many morematches,but alsoincludesmany poor
matches.

The accurateselectionof relevant text will make an otherwise
irretrievablefigureaccessiblevia asearchengine.Weplanto make
useof text miningtechniques;in particular, givenlabeledexamples
of the kindsof referenceswe wish to find, informationextraction
algorithmscanbe trainedto recognizenew occurrences(e.g., as
in [52]).

3. CONCLUSIONS
We have touchedon several key areasof our researchagenda.

Collectively we are fortunateto have the experienceto spanthe
hardcopy documentprocessingdomain from documentcapture
throughinformationretrieval andtext mining. As is oftenthecase,

it is at theboundariesof thevariousstagesof hardcopy document
processingthatwork in end-to-endsystemsdevelopmentis needed.
Giventhenatureof ourcollectiveexperience,it is preciselyin these
‘transitional’ areasof end-to-endprocessingsystemsthat we feel
mostcapableof makingsignificantcontributions.
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