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Abstract

A systenis describedor theautomaticanalysisof a doc-
umentimageinto atomicfragmentqe.g. word images)hat
canbereconstructear “r e owed” ontoa displaydeviceof
arbitrary size,depth,andaspectatio. Themainintentis to
allow scansand otherpage-imagelocumentso be viewed
effectivelyon a limited-resolutionhand-heldcomputingde-
vice,withoutanyerrors andlossedueto OCRandretype-
setting. Themethodof imageanalysisand representation
aredescribed.

1 Intr oduction

Oneof the familiar advantagesf symbolicrepresenta-
tions of documentgASCII, HTML, etc) over page-image
representationg the ability to re ow thetextto t odd-
sizeddisplays. Re owing typically breaksor lls lines of
text with words,andmay rejustify columnmargins,sothat
thefull width of thedisplayis usedandno manual panning'
acrosghetextis needed.

Yetmanydocumentsilreadyexist,andin theirbestform,
asimagesof pages:thatis, asa speci cationof intensities
andcolorsover a rectangulareld, devoidof any explicit
textualinformation. The canonicalexampleof this is the
scanneddocumentimage; anotherimportantexampleis a
book createdfor on-demandorinting. How cansuchma-
terial be displayedon screenghat are the wrong sizeand
shape?An extremecasds readingmagesof booksonhand-
helddevicedike portabledigital assistant§PDAS).

The obviousthing to try would be to convertthe doc-
umentinto symbolicform by performingoptical character
recognition(OCR). However eventhe bestOCR systems
areproneto errorswhichareexpensiveo correct.Evenper
fect characterecognitionusually discardsor confuseshe
typefacesandrelativetype sizesselectedy theauthorand
publisher

A betterapproachis to locatethe text elementswvithout
necessarilyecognizinghem,cutthemoutof theimage,and
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arrangethe resultingbitmapsin readingorderso that they
canbere owed in theavailabledisplayspace.

While this approacheliminateserrorsandlossesdueto
OCR, it presentshreesigni cant challenges:

Determinatiorof readingorder

Locatingthe“atomic” textelementgo betreatedasto-
kens

Representingheresultingstreamof elementsn ause-
ful form

The rst two of theseare problemsin imageandlayout
analysisandareconsideredn Section2. Thethird depends
on the tamgetviewing deviceor platform; Sections3 and4
describearepresentatiosuitablefor a classof PDAs.

2 Imageand Layout Analysis

Imageandlayoutanalysistransformghe raw document
imageinto a form thatis re owable andcanbe morecom-
pactly representedn hand-helddevices(for furtherrefer
encesaboutmanyof thetechniqueslescribedn this chap-
ter, thereadeiris referredto [2]).

Image analysisbeginswith adaptivethresholdingand
binarization. For eachpixel, we determinethe maximum
andminimumvalueswithin aregionaroundthe pixel using
greyscaleanorphology If the differencebetweernthesetwo
valuesis smallerthanathresholddeterminedstatistically),
theregionis judgedto containonly white pixels. If thedif-
ferenceis aboveathresholdtheregioncontainsbothblack
and white pixels, and the minimum and maximumvalues
representheblankink andwhite paperbackgroundralues,
respectively In the rst casethe pixel valueis normalized
by bringingthe estimatedvhite level up to the actualwhite
level of the display In the secondcase the pixel valueis
normalizedby expandingthe rangebetweenthe estimated
white andblack levelsto the full rangebetweenthe white
level andthe black level of the display After this normal-
ization processa standardhresholdingnethodcanbe ap-
plied.



In thethresholdedmage,connectedcomponentarela-
beled using a scanalgorithm combinedwith an ef cient
union- nd datastructure. Then, a boundingbox is deter
minedfor eachconnectedomponentThis resultsin a col-
lection of usually severalthousandconnectedcomponents
perpage.Eachconnectedomponentnayrepresenasingle
charactera charactepart, a collectionof touchingcharac-
ters,backgrounchoise,or partsof aline drawingor image.
Theseéboundindooxesfor connectedomponentsretheba-
sisof the subsequeriayoutanalysis.

For layout analysis,we are primarily interestedin the
boundingboxescorrespondindo charactersn the running
text of the documentaswell asin a few other pageele-
mentslike headersfooters,and sectionheadings.We are
interestedn theseparticularboundingboxesbecausehey
give usimportantinformationaboutthe layout of the page
thatwe needfor re owing it. In particular thesebounding
boxesandtheir spatialarrangementantell uspagerotation
andskew wherewe nd columnboundarieswhattokens
we shouldconsiderfor token-basedompressionwhatthe
readingorderis, andhow text should ow betweerdiffer-
entpartsof thelayout. Boundingboxesthatarenotfoundto
representtext” in this Itering operationarenotlost, how-
ever Theycanlaterbeincorporatednto theoutputfrom the
systemasgraphicalelements.

The dimensionsof boundingboxesrepresentingoody
text are found using a simple statisticalprocedure. If we
considerthe distribution of heightsasa statisticalmixture
of variouscomponentsfor mostpagescontainingtext, the
largestmixture componenis goingto be from lower case
lettersat the predominanfont size. We usethis sizeto nd
thex-heightof thepredominanfont andusethis dimension
to lter outboundingboxesthatareeithertoo smallor too
largeto represenbodytext or standarcheadings.

Givena collectionof boundingboxesrepresentindgext,
we areinterestedn nding text lines and columnbound-
aries. The approachusedin the prototype system for
identifying text lines and column boundariesrelies on a
branch-and-bounalgorithmthat nds maximumlikelihood
matchesagainstine modelsunderarobustleastsquareer-
ror model(equivalentlya Gaussiamoisemodelin thepres-
enceof spurioushackgroundeatures]1]. Textline models
aredescribedby threeparametersthe angleand offset of
theline, andthe descendeheight. Boundingboxeswhose
alignmentpoint, the centerof their bottomside,restseither
ontheline or atadistancegivenby thedescendeheightbe-
low it, areconsideredo matchtheline; matchesarepenal-
ized by the squareof their distancefrom the model, up to
athresholdvalue , usuallyof the orderof ve pixels. Af-
ter atext line hasbeenfound, the boundingbox of all the
connectedomponentthatparticipatedn thematchis com-
puted,andall otherconnecteccomponentshatfall within
that boundingbox are assignedo the sametext line; this

“sweepsup” punctuationrmarks,accentsand*“i’-dots that
would otherwisebe missed.Within eachtext line, multiple

boundingboxeswhoseprojectionsonto the baselineover

laps are memged,; this resultsin boundingboxesthat pre-
dominantlycontainone or more charactergas opposedo

boundingboxesthatcontaincharacteparts). Theresulting
boundingooxesarethenorderecoythe -coordinateof their
lowerleft cornerto obtainasequencef characteimagesn

readingorder Multiple text linesarefoundusinga greedy
strategyin which rst thetopmatchisidenti ed, thebound-
ing boxesthat participatedn the matchareremovedfrom

furtherconsiderationandthenextbestextline is found,un-
til no goodtextline matchecanbeidenti ed anymore.

This approacthto text line modelinghasseveraladvan-
tagesover the traditional projection or linking methods.
First, differenttext lines can have different orientations.
Thisis acommonscanningartifact. Secondby takinginto
accountboth the baselineandthe descendeline, the tech-
niguecan nd text linesthatare missedby othertext line
nders. Third, the matchegeturnedby the methodfollow
the individual text lines more accuratelythan most other

methods[].

Column boundariesare identied in an analogous
manney by nding globally optimal maximumlikelihood
matchesof the centerof the left side of boundingboxes
againsta line model. In orderto reducebackgrounchoise,
prior to applying the line nder to the column nding
problem, statistics about the distribution of horizontal
distancedbetweerboundingboxesare usedto estimatethe
inter-characterand interwords spacing (the two largest
componentsin the statistical distribution of horizontal
boundingbox distances),and bounding boxes for char
actersare memged into words. This reducesthe number
of boundingboxesthat needto be consideredor column
matchingseveralfoldand therebyimprovesthe reliability
of columnboundarydetection.

Basedon the precedinganalysissteps,the systemnow
hasa collectionof text lines andcolumnboundaries. Any
connecteccomponentghat are not part of a text line are
groupedogethemndtreatedasimages.Forasinglecolumn
documentpy enumeratingextlinesandboundingboxesof
imagedn orderof their -coordinatesywe obtainasequence
of charactersywhitespaceandimagesn readingorder For
a doublecolumndocumentthetwo columnsaretreatedas
if theright columnwereplacedundertheleft column.

This simplelayoutanalysisalgorithmcopeswith afairly
wide numberof commonlyfound layoutsin printeddocu-
mentsandtransformtheminto a sequencef imagesthat
can be re owed and displayedon a handhelddevice. In
part,asimplealgorithmworkswell in theseapplicationde-
causethe requirementf re owing for a handhelddocu-
mentreaderarelessstringentthanfor otherlayoutanalysis
tasks,like renderinginto a word processar Sincethe out-
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Figure 1. A page from Jepson's A FLORA OF CALIFORNIA

put of the layout analysiswill only be usedfor re owing
andnot for editing, no semantidabelsneedto be attached
to text blocks. Becausehe documentsare re owed on a
smallscreenthereis alsono userexpectatiorthatarender
ing of the outputof thelayoutanalysispreciselymatchthe
layoutof theinputdocumentFurthermoreif pageelements
like headersfooters,or pagenumbersareincorporatednto
the outputof thelayoutanalysisuserscaneasilyskip them
duringreading,andsuchelementsnay serveasconvenient
navigationakignpost®nthehandheldleviceaswell. Even
someerrorsin layout analysis,like misattributinga gure
captionto the body of a text, canbe toleratedby readers.
However for very complexlayouts,asfound,for example,
in magazinesmoresophisticatedlocumentayoutanalysis
techniquesvill haveto beappliedin orderto arriveataread-
ablerenditiononthe handheldlevice.We arecurrentlyex-
ploring the applicationof otherlayout analysistechniques
developedn ourlabto this problem.

3 DocumentFormats

Theresultof thedecompositionprocessiescribedibove
is a sequencef text imagesand illustrations, along with
metainformatioraboutformattingsuchasparagrapibreaks
andline justi cation. Many existingWeb formatsarewell-
suitedfor representationf suchdata.

HTML[6], the standardfor the World Wide Web, sup-
portsthelayoutin readingorderof asequencefimageele-
ments alongwith formattinginformation. Thesuccessato
HTML, XHTML[7], usesthe morerigorousXML syntax,

butprovidesthesamefunctionality. A groupof commercial
electronic-bookinterestsarealsode ning the OpeneBook
PublicationStructure[4, which alsousesthe XML syntax,
incorporateghe XHTML functionality, addsthe ability to
packagemultiple XHTML les into a single publication,
andprovidesstandardg$or additionof documenmetadata.

Figure 1(a) showsa samplepagefrom Willis Linn Jep-
son's A FLORA OF CALIFORNIA[3], animportantschol-
arly work in the eld of botanyin which typefaceandrela-
tive typesizechoicesaresigni cant. Oncedecomposeihto
imageelementsthe logical connectiondetweenthoseel-
ementscanberepresenteavith HTML. Figure1(b) shows
anHTML representationf thedecompositiorf theJepson
pagerenderedn astandardVebbrowserwith boxesdrawn
aroundindividual imageelements. Figure1(c) showsthat
samepage butwithout the boundingboxesaroundthe ele-
ments. Note thatfonts andand somecharacteristicef the
original pagehavebeenretained,which would not be the
casefor an OCR-basedransitionstrategy

4 ReaderApplications

A problemwith all of the Web formatsis thata decom-
poseddocumentwill typically consistof hundredsf thou-
sandsof separateles. This con guration tendsto strain
thecapabilitiesof underlyingtechnologysupportplatforms.
Token-based@ompressiorschemes[pcan makethis prob-

ITheillustrationshavebeenmanuallyremovedfrom the original, and
manuallyre-insertednto this version.We areinvestigatingvaysof doing
thisautomatically



Figure 2. The Jepson page rendered by Mi-
crosoft' s Reader electr onic book viewer

lem somewhamoremanageabldyut cannotreally solveit.

Mostelectronic-booldocumenformats,howeveralleviate
thisproblemby packagingheimageelementdogethemith

thelayoutdirectivesin asingle le.

Dozensof electronicbook formats exist, amongthem
MicrosoftReaderAdobeAcrobatReaderPalmReaderand
Gemstars RCA 1100and1200formats.Our systemof de-
composedmageelementsanbe supportedy most(prob-
ably all) of theseformats. Figure 4 showsan exampleof
theJepsompagedisplayedn Microsoft'sReadewriewerpro-
gram. This wasachievedy renderingthe decomposee!-
ementsnto OpeneBookPublicationStructure thenusing
theOverdriveReaderworkslistiller for Readeto createthe
electronicbook. Similar approacheseemto sufce for all
of theotherpopularelectronicbookformats.

Common electronicbook formats, and the associated
viewer applications,are optimizedfor “books' consisting
mainly of text, with occasionaimages.This canleadto per
formanceproblemsn boththetime andspacelomains Mi-
crosoft Readerversion1?, for example,runningon a 500
MHz Pentiumlll machinetakesapproximately20 seconds
to lay out anddisplaythe rst pageof the Jepsorsample
shownabove. But anothersystemcalled "Plucket 3 pro-
vides timely layout and scrolling of the converteddocu-
ment,andaverage®nly 70KB perconvertecbage.We are
currentlyinvestigatingalternativestorageformatsand|lay-
out/displaytechnique®ptimizedfor this classof electronic

2seehttp://www.microsoft.com/reader/
3seehttp://www.plkr.org/

book.

5 Summary and Conclusions

We beganwith the observatiorthatdocumentshatorig-
inateashigh-resolutiorpageimagesmustbe convertedor
display on hand-helddevices,whosescreensoften differ
fromtheirdesktopcounterparti size,depth,andaspecta-
tio. We havedescribed systentfor performingthe conver
sionthatis particularlyeffectivewhenthedocumentis pre-
dominantlytextual.

Our systemhasseveralstrengths. First, it achievese-
owing of the text without requiring the brittle and com-
putationallyexpensiveprocesf textrecognition.Second,
thetransformedepresentatiocanbe realizedusing exist-
ing descriptionprotocols,suchasHTML andthe popular
electronidbookformats.Third, by basingtherepresentation
on imagefragmentdrom the original, importantvisual as-
pectssuchastypefacearefaithfully preservedFinally, the
approachs directly amenabldo token-based@ompression
schemedgfuture work), raisingthe prospectof greatly en-
larging the amountof suchmaterialthat may be storedon
asinglePDA.

References

[1] T. M. Breuel. Robustleastsquarebaseline®nding usinga
branchandboundalgorithm. In DocumentRecognitionand
RetrievalVIll, SPIE,SanJoseg 2002.

[2] H.BunkeandP. S.P. Wang. Handbookof CharacterRecog-
nition and DocumentmageAnalysis World Scienti®c,1997.

[3] W.L. JepsonA Flora of California. Universityof California
Press http://ucjeps.berkelegdu/jepson-project3.htm1,909-
1943.

[4] JohnAlger et. al. OpeneBookPublicationStructurel.0.1:
Recommende&peci®cation. Technicalreport,OpeneBook
Forum,http://www.openebook.ay, July 2001.

[5] JointBi-Level ImageExpertsGroup(JBIG) Committee. In-
formation technology- codedrepresentatiomf picture and
audioinformation— lossy/losslessodingof bi-levelimages.
TechnicalReport14492FDC, ISO/IEC, July 1999.

[6] D. Raggett,A. L. Hors, andl. Jacobs. HTML 4.01 Spec-
i®cation. Technicalreport, World Wide Web Consortium
http://mwwww3.0g/TR/html4/,Dec 1999.

[7] SteverPembertoret.al. XHTML 1.0: TheExtensibleHyper
Text Markup Language. Technicalreport, World Wide Web
Consortiumhttp://www.w3.0g/TR/xhtml1/,Jan2000.



