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ABSTRACT

This paperproposesa multi-band disc modelto do documentpage segmentatiorto segregatdext blocks from graphic
images. We first introducethe idea of our discmodelandgo on to discussthe improvedmulti-bandversionof the disc

model. The discmodeltakesa bottomup segmentatiompproactthattriesto establisnocal neighborhoof objectson a

page andthentracethe propagationof suchneighborhooduntil all objectsin text blocksare reached. The significanceof

the discmodel is the link establishedbetweenthe sizes of the objects and their positional thus logical relationship.
Furthermorethe discmodelis rotationalsymmetric. Therefore the discmodelcanbe appliedto text with mixedtypefaces,
with arbitrary outline shapes. It is tolerable to skews or misalignment of the objects in the input images.
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1. INTRODUCTION

Electronic publication revolutionized the publishing industry in many ways. One of the most desired featuresis its

automatectontentindexingandsearchingcapability. This sharplycontrastdo the immensedifficulty involvedin searching
publicationsin analogforms suchaspaperprints. Papermrints havelong beenthe prime way of knowledgepresentatiormnd
preservation.Paper prints however have severe shortcomings.They continuously deteriorate over time even under
controlledconditions,andit is not possibleto makea perfectcopy from themselvesaloneto compensaté¢heir longevity;

Furthermore,it is extremely difficult to searchand index their contentswhen they are in a large amount. Electronic
publicationemergesasa new form of publicationaiming at the ultimate replacemenbf paperprints. It usescomputergo

encodeboth textualandgraphicalcontentswith completelayoutinformation,andstoresthemdigitally ascomputerfiles on

permanenstorage Prablemsarisewhenintegratinglegacyanalogpublicationswith modernelectronicpublicationsto form

unified, computerizedarchiving system. The major challengeis the computerrecognition of textual and graphical
components, together with positional infation or layout, in analog publications.

This paperpresentsa methodto segmentextualcomponentsn paperprints usinga multi-banddisc model. We will first
survey existing methodsfor text segmentatiorand then introducethe idea of our discmodel. An improved multi-band
version of the discmodel will next be presented. Experimentswith three imageswill be shownin the paperand a
discussion on the strengths and limitations of the model will conclude this paper.

2. APPROACHES IN TEXT GROUPING
There are severaltypical approachesn obtaining groupinginformation of textual objects.Someare applicableonly to
paragraphssomeare effective only for characterstrings,and yet only a small numberof them are principally for both.
Based on the stratiesg deployed, they can be generally classified asltoyn and bottorup approaches.
2.1. Top Down Approach

Top-downapproachestartfrom the globalfeaturelevel, trying to establishregionsof intentsandsubsequentlgxploreeach
region to get moreetailed information.



Recursivex-y cuts'? (or recursiveprojectionprofile cuts)is a multi-round top-down approachto decompose document
image into rectangularblocks. At eachround the projection profile (sum of foregroundpixels normal to the axis) is

calculatedboth horizontally and vertically. The deepvalleys of the projection profiles whosewidth are larger than a

thresholdareusedto makecutsalongthetwo directions.Sincethe projectionprofiles arealonghorizontalandvertical axis,

theresultantblocksarealwaysrectangular the preferredshapefor documensegmentationTherectanglepropertyis also
its limitation, i.e. it is not ableto handletext blocksin shapesother than rectanglesThis methodalso works poorly on

skewed docment images.

Texture segmentatioralgorithmsrealize that text and no-text regionsof animage shouldhavedistinct textures,and thus
specialtransformscanbe usedto separatehem. The two-dimensional selectednulti-bandGabortransformbasedilter*°
is one of suchalgorithms.Gabortransformfunction is a Gaussiarffunction modulatedsinusoidaifunction with particular
frequency,which is both frequencyand orientationselective.When appliedto a documentimage, Gaborfilter responses
differently for text and nontext regions.Text regionscanbe isolatedby applyinga maskwhich pick out only thosepixels
that correspondo the clusterrepresentingext. This approachassumeso priori knowledgeaboutthe propertiesof the
processediocumentslt works well evenfor skewedimagesand handwritten text. The Wavelet Packetanalysi§ based
texture segmentatioralgorithm is anotherimportantapproach.t can effectively reducethe segmentatiorcomplexity of
Gaborfilter basedalgorithms.Furthermorejts ability to perfectlyreconstructhe decompositiormakesit suitableaspart of
the document compression scheme.

2.2. Bottom-up approach

Bottomup approachesnitially gatherimage information on the pixel level and extendsto larger and larger regions to
collect higher and higher level of information.

Straightline fitting approachesssumethat charactersn a string are orientedand placedevenly along the samestraight
line. The problemis to determinewhich charactersn an imageactually lie along any given straightline, and further to

examinethe inter-characterspaceso decidethe correctorder of placementwithin a string and the breakup of possibly
different stringson the samestraightline. Houghtransforni is a generalalgorithmfor the detectionof straightlines. When

appliedto the characterdn animage,it canbe usedto detectsetsof characterdhat lie along a given straightline. Its

iterative nature of computation,the sensitivity of setting the transform resolution, the needto apply to all character
candidatesandthe restrictionthat the characterdie only alongstraightlines without any significantcurvatureare someof

the major drawbacksof this method.Variationsthat claimedto be simplerin line fitting exist®, but they moreor lessshare
the drawbacks of Hough transform.

The runlength smoothing algorithn?*° works on binary images. When scanningthe pixel lines of an image both

horizontallyandvertically, it replaceseverystring of contiguousbackgroundixels with equalnumberof foregroundpixels
if their lengthsare lessthan somepredeterminedhresholdvalues(horizontaland vertical valuesmay be different). This

way, two bitmap imagesare created,one for horizontalscanand the other vertical. The two imagesare combinedusing
pixel-to-pixel logical AND operation.The resultantsmearof the original imageactuallyrevealthe nearesneighborhoodf

the objectsand canbe usedas masksfor grouping.Sincethe spacedetweencharacterarealwayslessthanthosebetween
text lines, the image smearhappensonly along the text lines, not cross. This methodyields poor resultswhen usedon

skewed images.

Backgroundanalysiscanalso help to identify documentregion boundariesThereare region segmentatiorscremes**#*3

thattracemajorwhite spacesamongobjectsin animage.Theyarebasedon the observatiorthatit is the majorwhite spaces
that separataifferentregionsof animage.This approachassumeshat the imagenoiseis very low, andall objectsdo not

touch one another. The results are good even for skewed pages.

Thereareotherapproachethatdeploymulti-resolutionstrategie¥"*>**for text grouping.ImagePyramidis oneform thatis
suitablefor suchan approachAn imagePyramidis a sequenceof two-dimensionakrrays,representinghe sameimagebut
with decreasingesolutionsorm the baseto the top of the Pyramid.Whenthe resolutionbecomedower andlower, initially
isolatedtextualobjectsbeginto mergewith their neighborgo form stringsand,to certainlevelsthe stringsmayform blocks
that representparagraphs.This approachavoids the expensivecomputationin finding inter-characterand inter-string
relations.However,the limited numberof layersavailablein the classicaimagePyramidmakesthis methodinapplicableto
some types of document.



3. THE DISC MODEL

The disc model suggestghat every objectin a documentimage has a circular range of coverage(disc) whose center
coincidewith the object'scentroidand whoseradiusr is proportionalto the squareroot of its size n (i.e. the numberof

foreground pixels):
r(n)=kyn (1)
wherek is an empirical constant to be determined.

The idea of such a functional form (eqg. 1) comes from the Inverse Square Lawsubéttind many physical phenomena
in the universe, such as Newton’s Law of Gravitation (eq. 2) and Coulomb’s Law (eq. 3).

g9=— (2

r
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For a given massM in eq. 2 or electric chargeq in eq. 3, thereexists a cutoff value of r beyondwhich the law hasno

measurableffect. Theisometric,including the contourof sucha cutoff value,is circular. If the InverseSquareLaw is used
as a measuremenbf the correlationamongobjectsin a documentimage, eq. 1 describesthe largestdistancebetween
neighboringobjectsbeing part of a text group,beit a word or a sentencer a paragraphdependingon the constank. The
pixel numbern in eq. 1 is a visual/psychologicaineasurementf an object,analogougo the massM andelectricchargeq

in the physical world.

The significanceof the disc modelis the link establishedetweenthe sizesof the objectsandtheir positionalthuslogical
relationship.Furthermorethe disc modelis rotationalsymmetric,only the distancesamongobjectscount,not their relative
orientations.Therefore,the disc model can be appliedto text with mixed typefaceswith arbitrary outline shapeslt is
tolerable to skews or misalignment of the objects in the input images

3.1.Principle for Text Grouping

Text groupingcanbe castas a neighborhoodoroblemthat hastwo partsto dealwith: the detectionof the imageobjects’
neighborhoodand,the propagatiorof sucha neighborhoodelationship.The neighborsof anobjectare determinedy their
distancego the object,measuredrom centroidto centroid.In the disc model,for anytwo objectsi andj in animage,if the

distancebetweenthe two is no greaterthanthe sumof their disc radius,or in otherwords, if the disc of objecti overlaps
with that of the objeqt they are considered neighbors. This can be mathematically expressed as

YO = X2+ (¥ - ¥, £k +4n)) 4)

where &, ) and §;, y) are their centroid coordinates,andn; are the sizes of the two objects, respectively.

When constantk of eq. 1 is chosenproperly, the discsof neighboringobjectsoverlap, establishinga neighborhoodhat
propagatesover the whole text block. The value of k is determinedby applicationsat hand. Take the English language
newspapetThe StraitsTimes” of Singapordor example the layoutandtypesettingnorm hadchangecdh few timesoverthe
yearsfrom the late colonial periodof the 19th centurytill now. The paragraphspacesverelargerthantheline spacesn the
past,but nowadayst follows the modernstyle andall havethe samespaceasthat of text lines. This meanghat paragraphs
are no longer possible(at leastnot safely)to be identified as are columns.Experimentson a sufficient amountof sample
imagescanderivea k valuethat makesthe disc modelwork well for all issuesof a long periodwith little failure. The value
of 1.6 seemsa valid choicefor the newspapeissuesf recentyears.In otherwords,the valid choiceof k is noton a sample
by-samplebasis.The value of k is alsolanguagespecific. Although the Chinesdanguagepublicationsmay sharethe same
valueof k with the Englishpublications Japanesenay needa differentvalue,andso may Arabic andothers.The valueof k
is not universal.



3.2. Two Implementations

The implemetation of the disc model has a direct impact on its usability, efficiency, precision and extensibility. Two
distinct implementations of the disc model have been developed, optimized and benchmarked.

The first implementation— called the “RecursivePartition” algorithm — directly calculatesthe distancesamongall the
objectsto tracethe “neighbors’ neighbors’neighbors’... neighbors’route. The numberof object pairs that needto be
evaluateds muchlessthanthe theoreticalvalue of c2 =N(N- 1)/2, whereN is the total numberof objectsin a document

image. This is becauseonce the neighborsof an object are identified; there is no needto verify the neighborhood
relationship among them again. They only need to be checked with thedfetckedtandidate objects.

The secondimplementation- called the “Disc MasK algorithm — takesa graphicalapproachlnsteadof calculatingthe
distancesamongall object pairs, it drawsdiscs of the objectson a blank image. Connecteecomponenianalysisis then
appliedto the imageto identify clustersof the overlappingdiscs¥%. the masks.All objectswhosecentroidsfall inside a
mask are consideredbeing in one text block. The numberof masksis the number of text blocks. The objects are
superimposed with XORixel operation to illustrate the grouping mechanism.

The two implementationshave their own advantagesover the other. The RecursivePartition algorithm demandsless
hardwareresourceshanthe Disc Mask algorithmwhich alwaysneeddarge dataarrayto draw discs.It is moreaccuraten
calculatingdistanceghanthe Disc Mask algorithm,andthis is especiallyprominentwhenobjectsizesare small andcircle-
generatingalgorithmson rasterimagescannotreachthe precisionof numericcalculation.In certan caseshe differencein
precisionbetweenthe two can give different results. The RecursivePartition algorithm always involves two interacting
parties,which providesa chancefor developingnew modelsinspiredby scientific laws or others;on the contary, the Disc
Mask algorithm starts from a single object without knowing anything about the existenceof others. It avoids the
combination nature of thRecursive Partitiomlgorithm by this object isolation.

3.3.Single-Band Mode

In singlebandmode,the disc model (with eitherthe RecursivePartitionor the Disc Mask algorithm)is appliedon image
objectsall atonce,regardles®f their sizes.Sampleimageno. 1 in figure 1(a) is a newspapeclip. In the singlebandmode,
the discsof the objectsin the figurearedrawnwith a k (eq. 1) of 1.6, andthe resultis shownon figure 1(b). The overall
impressiorof theresultis thatthe disc modelhasthe ability to separateext columns,andmaybeparagraphsJunfortunately,
its effort is somehowspoilt by the factthatdiscsof titles areso largethattheir discsintrudeandwrongly mergewith that of
some body text columns below them.

Neverthelessfor sampleswhosetitles are not much largerthanthe body text or the two are placedsufficiently apart,the
single-banddisc model canyield satisfactoryresults.It is simple and efficient enoughfor certainapplications At least,it
reveals the virtues of the disc model and points out the direction for further improvement.

This failure case indicates that segion of large titles from small body text is necessary.

4. TWO- AND MULTI -BAND DISC MODEL

The two-bandmodewasintroducedto overcomethe size problemassociatedvith the singlebandmode.Theideais to split

the full range of object sizesinto two bards — the lower-band covering smaller sized body text and the upperband

containinglarger sizedtitles. The split-point of the full sizerangeis chosenassuchthat the intruding largetitles andthe

smallerbodytext fall into the two bandsrespectively Subsequentlygeachbandof thetwo is processedvith the singleband

mode algorithms. The outcomeof the two are combinedto form the final result. Since the larger titles are processed
separatelyfrom the smaller body text, the disc intruding problem no longer exists. The two-band model can be easily

extendedto a multi-bandversionfor documentsontainingmore than two distinctive rangesof objectivesizes. Herewe

will restrict our discussion on the twmand model.

Figure2 demonstratethis two bandprocessingnechanismThetop of figure 2 is the objectsizedistributionof the sample
imagel. It showsthatthe peaksconcentratén therangebetweenl and250 pixels. The largestpeakat 1 pixel is the pepper
noiseintroducedin scanningtime. To experimentthe size problem,the sizefilter wasnot usedandonly the areafilter was



usedto removethe borderlinesThe bodytext peaksaround120 pixels, the subtitleat 220, andthe maintitles spread over to
the uppersize rangewith no significantpeals. The split-point is chosenat 1500 pixels so thatthe two maintitles fall into
the upperbandwhile the body text stayat the lower. The lower-bandis processedirst anddifferent columnsareidentified
asclustersandsaved After that,a roundof checking is neededo pull outthoseclustersthatcontainonly a smallnumberof
objects.Theymaybethe shorterstrokesof thetitle characterdike thedotof “i” or“j”, the partsof thebodytextthatcannot
be groupedby the disc modelwith the choserk, the graphicalleftover by the sizefilter, or the largersizednoises.Theyare
processegainwith the upperbandobjectsto haveanotherchanceto seeif they are part of the titles. The outcomeof the
upperbandare mergedwith that of the lower-bard to form thefinal result,asshownin figure 3. It shouldbe notedthat, in
fact, someobjectsfalling into the upperbandactuallybelongto the bodytext. Their sizesarelargeenoughto be separated
from the body text, suchasthe largerpunctuatiormarks,andthoseoriginally small charactersut touchoneanotherdueto
the printing or mediaproblemor designedassuch.They may form separateslustersbut canbe easily put backto the body
text clusters when their boundigxes are found to be fulgnclosed by that of the body text.

This exampleclearly showsthe point at which the singlebandmodefailed andtwo-bandsucceededWith bandsmorethan
two, the disc modelcandealwith moredelicatecasesandyield moreaccurateesults. However,the principle of multi-band
mode is the sameas that of the two-band mode. In real world applications,majority of newspaperarticles can be
successfully processed by just the #9and mode of the disc model.

(@) (b)

Figure 1. (a) Sampleimageno. 1 (2175 3359 256/300dpi); (b) A failure case:ithe singlebanddisc modelon sampleimagel, where
discs of the large titles intrude that of the body text, making the columns wrongly merged.
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Figure 2. The two banddisc model: The objectsize distribution (top) showsthat the body text sizesare below 300 pixels. If the size
range splits at 1500 pixels, the small sized body text (bottom left) and the larger sized titles (bottom right) fall into different bands.



Figure 3. The result of applying the two banddimodel on the sample image no. 1. Text columns and titles are correctly identified.

5. FURTHER EXPERIMENTS

Sampleimageno. 2 shownin figure 4 (top left) containsphoto images.Disc model hasits uniqueway of dealingwith

photographicabbjects.Photgraphshaverich tonesor grayscale different from line-drawingswhich have only limited

rangeof tone but maybecomplexin shape Color or grayscalgphotoimageunderstandingnd segmentatiorare amongthe
major topics of computervision, andit is out of the scopeof this thesis.Disc modeloperatesn binary imagesso thatthe
original tonerich photoimagesare down-convertedto blackandwhite. Filters are deployedto removethe photo’sobjects
that are significantly different from that of text. It is generallyimpossibleto removeall of them,but the remainingobjects
normally poseno threatto the multi-band model of the disc model. It shouldbe pointedout that the seeminglynontext
objectsfiltered out are not physically removedfrom the systemthat incorporatesthe disc model; rather, they are only

removedfrom the bandsof text objectsto the highestband(“hyper-band”) that containsnoises,borderlines)argegraphics
and “orphan” textual objects.The reasonis that these“useless”or “non-interesting” objectsmay later provide cluesfor

logical textblock classification in layout analysis.

Sampleimageno. 3 shownin figure 5 (top left) is in Chine® language Chinesecharactersare moreregularin shapethan
Latin alphakets— all charactersf a font havea rectangulatboundingbox of a singleaspectratio. This, however,doesnot
makeit a better candidateof applying the disc model than Latin. Unlike Latin alphabetswhich almostall strokesof a
charactelare connectedChinesecharacteraisuallycompriseseparatestrokes.The disc modelis individually appliedto all
the strokes.The choiceof k playsan decisiverole in determiningthe usefulnes®f the disc modelon Chinesecharacters.
Usually, Chinesecharactersdemandlarger k than Latin, and the actual value are font-dependentinterestingly,sample
image 6 usesthe samek of 1.6 asthe othersamplesn English. This is partially becauseof the ink/paperquality and the
scanningresolutionthat makemanystrokesconnectedSampleimage6 alsoshowsanotherstrengthof the disc model- the
ability to group paragraph®f irregularshapegtop right), which defeatedmany methodsin literature.The bottomright of
figure 5 showsthe correctgroupingof the columns,and somehappento be paragraphsNote that the boundingboxesare
intrinsic rectangular and cannot be used to draw irregular shapes.



Figure 4. Two banddisc modelappliedon sampleimageno. 2 (1252 1657)digitized at 150 dpi (top left). Bottomleft showsthe lower-
bandof objectssuperimposedn their discswith XOR operationfor demonstratiorpurpose. Bottom right showsthe upperband of
objects superimposed on their discs with XOR operations. Topisithe segmentation result with rectangular bounding boxes.



Figure 5. Applying two banddisc modelon sampleimageno. 3 (981 1721 256/300dpi) (top left) containingChinesecharactersThe
segmentaon result is in bottom right.



The efficiency of the disc modelis equally importantas the effectivenessanalyzedabove.The performancef the two
implementationf the disc model in two-band mode were testedon a referencemachinewhich hasa single 400 MHz
Pentiumll CPU and 128 MB RAM running Windows NT 4 SP5.Every effort hasbeenmadeto guaranteehat the two
implementationgretestedunderthe samesoftwareandhardwareconditions.The portion of codeundermeasuremeris the
modulesthat apply the disc modelfor text grouping,exclusiveof otherprocessingsuchasimageacquisitionfrom external
source,imageformat conversionor binarization,initial filtering of extraneouslhyfarge or small objectsthat may represent
graphicalobjectsor noise, initial connecteecomponenfnalysis,processmonitoring and intermediate/finalresult output.
The result is listed in table 1. Both implementations are sufficiently fast for real world applications.

Sample Dimensions Split-point

Image (pixels) (pixels) Recursive Partition (sec.) Disc Mask (sec.)
No. 1 2175 3359 1500 3.16 4.30
No. 2 1252 1657 600 1.61 0.95
No. 3 981 1721 500 1.32 0.83

Table 1 Timing of the two implementations of the disc model

6. DISCUSSIONS

Basedon the theoreticalanalysisand the experimentaresults,thereare two key factorsthat draw concernsn real world
applications of the disc model.

f  Thefirst factoris the selectionof thek valueof eq.1. Thevalueof 1.6is usedfor all the sample images. This value
wasobtainedfrom experimenton a largenumbersampleimagesncludingthe onesshownhere.This samplepool
is mostly from the local Englishlanguagenewspapef The Straits Times. This is becausehe projectat handis
“The Straits Time$ microfilm archiveat the Natioral Library, Singaporé”. The choservalueis certainlyeffective
for this publication,at leastfor a batchof consecutivassuesFor otherapplications samplerunsof the disc model
are needed to get a suitaklealue;

f Thesecondfactoris the selectiom of bandsplit-pointsfor multi-banddisc model. For a particularpublication,the
availablefont sizesare predeterminedsuchas10- to 12-point body text and 24- to 72-point titles. The resolution
levelsof the availablescanningdevicesare alsoknown Therefore the possibleobjectsizesof the targetsamples
can be estimated. Sample runs of the disc model catuiirgethe splipoints for the final batch runs.

The disc modelwasdevelopedo solve practicalproblemsin someof the existingmethods particularly someof the most
influential and widely basedmethodssuch as run-lengthbasedand projectionbased.Direct comparisonswith these
methodsaremuchdesirable put limited by severafactors:(1) differentmethodsmay havedifferentgoalsandfunctionality.

In many casesthe featuresof a methodshouldbe judgedon the overall performancejnsteadof on individual positive

points; (2) not all methodscan be quantitativelycompared.This may arise from the unavailability of the sourcecode,

different software implementationtechniques different testing hardwareplatforms, discrepancyin restricting the code

section under comparison,etc. With this considerationin mind, disc model has some advantagesn certain aspects
compared to other methed

f Thedisc model can provide muchinformation neededfor the higherlevel text analysisand recognition,suchas
rectangulaior irregularcontoursof the text-blocksfor structurallayoutanalysis the absoluteandrelative positions
of the text-blocksfor functionallayout analysis,deviationfrom horizontal/verticalstraightline structurefor skew
estimation and correction, average object sizes of ébtegk and other statistical data for other purposes;

f  While other methodsuserelaxation,iterative optimization or multi-resolutionto explorethe spatialrelationship,
the disc model is a much simpler gp&ss model that is fast and efficient even on personal computers;

f Thediscmodelis rotationallysymmetric.lt candetectsegment®f irregularcontairsandto certainextentimmure
to imagescanningdistortions.This is contraryto somemethodswhich assumeegularshapesuchasstraightline
or rectangle and will fail even when small distortion exists;



f Thedisc model can group objectsat severallevels by using different valuesof k, suchas groupingstrokesinto
whole charactersgroupingcharactersnto words, groupingwordsinto phrasesand sentencesgroupingtext lines
into paragraphs or columns. This feature is less commonly seen in othedsyeth

f The disc model is capableof processinginternationallanguagesnvhose aspectratios of charactersare not too
different from 1.0, like Chinese, Latin, etc;

f The disc model isobust in dealing with the characteuching problem, which can break sontlees methods;

The limitations of the disc model should also be pointed out:

f Thedisc modelis designedfor thosedocumentghat were producedaccordingto the printing industry normsor
conventionslf thetext string spacingis abnormallylargeor smal, the aspectatiosof fonts aretoo differentfrom
1.0, the sizesof fonts aretoo large (probablygraphics)or too small (probablynoise),the disc model may not be
applicable. In such cases, even human readers need further knowledge to be abterte gietasabout the text;

f  Thedisc model cannotidentify text componentghat touch large graphics,asall large graphicalcomponentsare
filtered out and the touched text are therefore removed together;

f Thedisc modelis not able to group the text blocks correctly if the numberof charactergouchingone another
becomes so large that is comparable to that of the large titles and merge with the titles in that band.
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