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ABSTRACT

We presentafully implementedsystenmbasedon genericdocumenknowledgefor detectinghelogical structureof documents
for which only generalayoutinformationis assumedIn particular we focuson detectingthereadingorder Our systeminte-
gratescomponentbasedn computewision, artificial intelligence andnaturallanguagerocessingechniquesTheprominent
featureof our framework is its ability to handledocumentgrom heterogeneousollections.The systemhasbeenevaluatedon
astandaratollectionof documentso measurdéhe quality of thereadingorderdetection Experimentatesultsfor eachcompo-
nentandthe systemasa whole arepresente@nddiscussedn detail. The performancef the systemis promising,especially
whenconsideringhediversity of the documentollection.

Keywords: DocumentAnalysis,Logical StructureDetection ReadingOrderDetection NaturalLanguageProcessingSpatial
Reasoning.

1. INTRODUCTION

The goal of documentanalysisis to automaticallyprocessscannediocumentsandcorvert theminto a digital format, which
canfor examplebefurtherprocessedor reproductiongdigital libraries,informationretrieval, andtext-to-speechpurposesThis
processnainly consistof two steps:layoutanalysisanddocumenunderstandingDuring the layoutanalysisthe constituents
of the documentimage of a pageare identified and classifiedastext or imageobjectsand further font information, textual
contentgeometricfeaturesandspatialrelationsareextracted. This informationis capturedn thelayoutstructure.Document
understandingakesthe layout structureasinput, further classifiests itemsinto logical items(e.qg.,title, paragraphetc.) and
detectgelationsbetweerthem(e.g.,thereadingorder). This informationis capturedn thelogical structure.

Mostof thedocumentinalysisystemslevelopedsofar make useof specificapriori documenknowledgeandaretherefore
domain-dependenThesystemslescribedn theliteratureandimplementedn commerciakoftware(e.g.,FINEREADERY) can
successfullyhandlesimple black-and-whitedocumentswith a layout structurewhich is known in advance. The treatmentof
coloreddocumentscomplex layouts,andthe analysisof a heterogeneouslassof documentss definitely a challengingtask
andopenquestion.

In this paperwe try to answerthis question. Without usingany documentclass-specifiégnformation, asthe datasetis
composedby alargecollectionof documentlasseswe detectthelogical structure.In particular we focusonthereadingorder
detectionwhich is a fundamentapart of the logical structure.The readingorder is the sequenc®f textual documentbbjects
in which the useris goingto (or is supposedo) readthe documentthand.To detectthereadingorderin a scannedlocument
of which thelayoutstructureis available,we introducetwo componentshattake full advantageof thelayoutinformation.The
first componenis basedon formal methods.A spatialreasonerusinga setof documentulesdecideswhich readingorders
areformally correctfrom the spatialpoint of view. The secondcomponents basedn naturallanguageprocessindNLP) and
considerghetext presenin thetextual documenbbjectsidentifying the syntacticallymostplausiblereadingorders.

In the lastdecade several systemdor detectinglogical structurefrom scannedext have beendeveloped. Oneexample
of a domainspecificsystemhasbeendevelopedby Tsujimotoand Asadato procesanulti-columnblack-and-whitescientific
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papers: Both in layoutandlogical structuredetection the domainknowledgeis usedto derive the classificatiorrules. The
mainshortcomingof this systemis thatit cannotbe adaptedo otherclasse®f documents.

Ishitaniproposeso exchangenformationbetweerlayoutandlogical analysiswhich areappliediteratively.® Thisimproves
bothlayoutandlogical detection But asin the previouscasethis systencanbe usedonly for documentgalling in onespecific
class.

A steptowardgeneralityis madeby Cesarinietal.* Two distinct categoriesof knowledgeareidentified: specificto a class
of documentsandgenericor independenfrom the classof documents.A pitfall is the useof XY-tree$ which reduceshe
generalityof documentso which their systemis applicable For instancegcolor documentsvhereoverlappings presentannot
beprocessed.

Therehave beenattemptsto automaticallygenerateulesto detectthe logical structurefor a generalclassof documents.
SainzandDimitriadis usea fuzzy-neuralkystemto learnfrom a giventraining setwhattherulesarefor corvertingthe layout
into the logical structure® Li andNg proposea domain-independerdocumentunderstandingystemwith learningability.”
They usea directedweightedgraphto representhe layout structure,allowing for a more generalclassof documentdo be
consideredhanby usingtreerepresentationsBoth SainzandDimitriadi andLi andNg useonly geometricainformationof
the layout, but in the extraction of the logical structurethe contenthasa key role. For example,whenno a priori document
knowledgeis given,detectingthe readingorderof thetextual elementof a documentanonly beachiezedby consideringhe
textual contentof the elementshemseles,whichin turnimpliesthe useof naturallanguagerocessing.

We have previously proposeda framework to extractthelogical structuregiventhelayoutstructuremakingsomeuseof the
contentof thedocumentSomevery preliminaryexperimentaresultswerepresented.In this paper we extendthe framework
in two ways. On the one hand,we provide somevertical integration, thatis, we do not assumeanymore the logical object
classifications availablea priori. Onthe otherhand,we usemoreeffective spatialreasoningandnaturallanguageprocessing
techniques.

The remainderof this paperis organizedasfollows: In the next sectionwe describethe adoptedrepresentatiorior the
layout andlogical structureof a document.In Section3, we presentthe architectureof our system,anddescribeeachof its
componentsExperimentalesultsandevaluationarediscussedn Section4.

2. DOCUMENT REPRESENTATION

Thedocumenimageanalysiscanbe seemastheinverseprocesof documentuthoring.Thereforethesetwo processeshould
usesimilardocumenmodels.Requiringthe documentlassto be genericthedocumeninodelshouldbe ableto represenary
complex documentstructure. Ratherthantree-basedepresentationsye considera graph-base@neto encodethe relations
amongdocumenbbjects. Our modelis a flexible representatiosuitablefor a broadclassof documents A documentD is a
setof layout G andlogical £ structures:D = (G, L).

As for the layout (or geometric)structule G of a documentD. Let Oy be a setof layoutdocumentobjectsand Xy a set
of geometricrelationsbetweenthe documentobjects,suchthat G = {0y, Rg). In the currentimplementatiorof the system,
the layout structurehasthreecategoriesof layout objects: text, imageand graphics. Becauseve have to dealwith generic
documentswe consideraflexible list of featuregatherthanafixedset.Besideshe boundingboxescoordinatesthedocument
objectsfeaturesconsideredare:font si ze rati o definedasratio betweerthe font sizeof the currentdocumenbbject,and
themostcommonfont sizeof the entirepage;aspect rati o definedaswidth dividedby heightof thedocumenbbiject;ar ea
rati o definedasthe ratio betweerthe object’s areaandthe pagearea;cont ent si ze definedasnumberof charactersf ont
styl e with the possiblevalues“Plain”, “Bold” and“Italic’. The sameholdsfor relations: ratherthan keepingone single
relationwe have alist of relations.The spatialrelationsconsideredmongdocumenbbjectsareadj acency andthe productof
the Allen’s relationson thetwo documentxes: pr ecedes, neet s, over | aps, starts, during, fi ni shes, equal s (andtheir
inversesy Theadjaceny relationis determinecasedn Voronoidiagrams:°

As for thelogical structur, it is definedanalogouslyto thelayoutstructureasa setof logical documenbbjectsanda setof
logic relationsbetweerthem: £ = (O, R)).

3. FROM LAYOUT TO LOGICAL STRUCTURE

Assumingthatthe boundingboxesof textual documenbbjectsaregiven, our systemextractsthe logical structurefrom it, as
shavn in Figurel. Thefirst module(depictedat the bottomof the figure) assigngo the layout documenibjects Oy logical
labels,thus creatingthe set of logical objects;. This processis describedn detail in Section3.1. For eachtype of O



thereadingorderis extractedindependentlyas presentedn Section3.2.1. Thesereadingordersof eachtype of Oy arethen
combinedogetheiinto a setof admissiblereadingorders.Ontheright of thefigure,azoom-inof the spatialreasoningnodule
is shavn. This setis furtherreducedusingthe naturallanguageprocessingnoduledescribedn Section3.2.2.
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Figure 1. The systemarchitecture.

We considerthe layout detectedat the granularityof text blocks. Using geometricfeaturesand contentwe classify the
layoutdocumenbbjectsanddeterminghereadingorder In this paperwe focuson text documenbbjectsonly.

The outcomeof our systemfor a givenimagecanbe seenin Figure2. Theinputimageandthe resultof documenbbject
classificationare depictedin (a) and(b), respectiely. The two admissiblereadingordersdetectedby the spatialreasoning
componengareshavn by (¢) and(d). Fromthesethe NLP componentemovesthe row-wisereadingorder(c), giving asoutput
thecorrectone,whichis the column-wise(d).

(@) (b) (©) (d)

Figure 2. Theprocessingf adocumenimage.

3.1. DocumentObject Classification

When consideringa broadclassof documentghereis a limited numberof logical documentobjecttypescommonto all of
them?!! For text documentobjects,we are consideringthe following logical labels: Ti t | e, Body Text, Caption andPage



Nunber . After studyingthegroundtruth, we have selectedhefive featuresdefinedin Section2 asdiscriminativefor thelogical
typespresentedbove. Furthermorewe expressedhe adjacenyg relationasthefeaturedi st ance to the cl osest figure.
This is the distance(obtainedfrom the adjacenyg relation) betweenthe currenttext documentobjectandthe closestfigure
documenbbjectamongtheneighborslf thereis nofigurein the neighbordist the distancegetsthe maximumvalue.

Eachfeaturefrom the setjust presenteds discriminative betweertwo or moretypesof Oy: font si ze rati o is discrim-
inative betweenTi t | e andBody Text; aspect rati o differentiatesTi t| e andCaption from Body Text; area ratio is
mostlydiscriminative for Page Nunber againsBody Text; content size separatethePage Nunber, Title andCaption
fromBody Text;font styl e separatetheTit| e andCaptionfromBody Text?anddistance to the closest figure
is discriminative betweerli t | e andCapt i on. Noneof thesefeaturesaloneis discriminative enoughfor areliable selection.
For instancejn Figure3 thefont size ratio featureisshavnforTitle, Body Text, Caption andPage Nunber doc-
umentobjects. The documenibjectsarerepresentedy their index on the X axis, andthe actualvalue of the featureon the
Y axis. Onecanseethatfor Body Text thisis mostof thetime equalto 1 while for Ti t| e is largerthanl, asexpected.The
exceptionsappeardueto errorsin font informationdetection,or dueto peculiaritiesof specificdocuments.For the Capti on
feature thevaluesof thef ont si ze rati o featurearealsomostof thetime equalor closerto 1. The exceptionsherearedue
to somedocumenstyleswherecaptionsarewritten with largerfonts, or pagescontainingpicturesandcaptionsonly. The ex-
ceptionsrom therule produceoverlapin valuesof eachfeature andmalke selectiondifficult usinga uniquefeature. Therefore,
we usethesix dimensionabpaceor classification.
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Figure3. Thefont size ratio featureforTitl e, Body Text, Capti on andPage Nunmber documenbbijects.

3.2. ReadingOrder Detection

In thissectionwe presenthetwo componentto detectthereadingorderin thescannedlocumentaissuminghelayoutstructure
is available. We focuson the extractionof a uniquereadingordet

3.2.1. Spatial reasoningon documentobjects

Usually, boundingboxesof thedocumenbbjectsareconsideredn thelogical analysisstep,andit appearsaturalto resortto
a formal methodbasedon rectangles.n 1983, Allen andvan Benthemindependentlyproposech calculusfor time intervals
identifying 13 basicrelations?4 The calculushasprovedto be quite successfuéver sinceandis oneof the mostcitedwork in
Al. Recentlyan extensionto two dimensionshasbeenproposedy Balbianietal.: a calculusfor rectangles?® Theideais to
considerarectanglemodel(R, my, my), thatis a setof rectangleRR andthe setof Allen’s 13 x 13 relationsover therectangles
onthetwo documentxes.



In orderto compensatéor imprecisionin layoutinformation,we slightly adaptthe original rectanglenodelby considering
‘thick boundariesfor rectanglesThethicknessthesizeof thesides,s definedaccordingo the scaleof thescannediocument.
This promptedor arewriting of Allen’srelationsto take in accountfor suchthick boundariesvhile preservingall fundamental
propertiesof the calculus,mostnotably the relationsover intervals shouldbe jointly exhaustve and pairwisedisjoint. For
example,neet s(B1, B2) is nottrueif theendpoint of B1 coincideswith the startingpoint of B2, asin Allen’s original work.
Ratherneet s(B1, B2) istrueif thedifferencebetweerthetheendpointof B1 andthestartingpointof B2 is smallerthanthe
identified‘thickness’of the boundarie®f therectangles.

Theuseof therectanglemodelwith thick boundariesor spatialreasoningonsistf thefollowing: first, we usegeometric
information (the layout structure)to build the rectanglemodel associatedvith the document. Second we encodea set of
documentrules as constraintsover documentobjects,i.e., rectanglesn the rectanglemodel. Third, by using the efficient
constraintsatisiictionsolver Eclipsel® we checkthe consisteng of the documentulesinstantiatecby the textual document
objects.

To illustratethe kind of documentrulesthatwe are using, considerthe following generalandbasicfact of the occidental
culture: A textual components readbeforeanothemneif it is ontop or to theleft of thesecondne. This canbewritten assix
constraintsn therectanglenodel(expressedn Eclipsecode):

bef ore_i n_readi ng(Bl, B2):- before_i n_readi ng(B1, B2):-
precedes_X(Bl, B2). precedes_Y(B1, B2).

before_i n_readi ng(Bl, B2):- before_i n_readi ng(B1, B2):-
meet s_X(Bl, B2). meet s_Y(B1, B2).

bef ore_i n_readi ng(B1, B2):- bef ore_i n_readi ng(B1, B2):-
overlaps_X(B1, B2). overlaps_Y(Bl, B2).

whereB1 andB2 areary two textual documenibjects. Given the formal propertiesof the rectanglemodel!® we know that
theorderin which therulesareconsidereds irrelevantandthatcheckingthe consisteng of instantiatedulesoverarectangle
modelis notonly a decidableproblem,but alsoits complexity hasa polynomialbound.

Rulescanfurther constraintthe setof admissiblerelations. One may want to force the readingorderto be column-wise
(like for mostnewspapers)or preferthe horizontaldirectionover the verticalone(suchasin TsujimotoandAsadas work?).

In Section2, we have introducedthe layout structureas G = (Og, Rg). It is immediateto seethat the rectanglemodel
(R,my,my) is asubsebf it, in thesensahatR C Oy andthatmy, C Rg, m, C Kg. Thenthe spatialreasonebuilds the elements
of theternaryrelation

Rord: O x O x N
interpretedas: a documentobjectbelongingto the logical structureis immediatelybeforein readingof a seconddocument
objectof thelogical structurein the n-th spatiallyadmissiblereadingorder Ry, is alogical structurerelation,i.e., Rgrq C K.
For every two textual objectso;, 0 the consisteny of readingorderrelationover them K, 4(0;, 0j, -) is checled againstthe
rectanglemodel. As a point of notation,by an underscore, we intenda valuewhich is not relevant, i.e., an unconstrained
variable.Then,then-th readingorderis a sequencef objectssuchthat:

1. Rgrg(0k, 0k+1,N) is consistent,

2. eachdocumenbbjectox appearatmostonceasthefirst argumentn a R ,4(-, -, n) triple andatmostonceasthesecond
argument,

3. everyox € O appearstleastoncein a Rgq(-, -, N) triple.

Referringto Figurel, we notethatthe setof pairso, o, 1 in therelationKg,§(0k, 0k+1,n), independentlyrom then, forms
adirectedgraph(DG) overdocumenbbjects.The edgesof thegraphareinterpretedasthenodeoy is ‘beforein reading’of the
nodeoy,1. The conditions(2) and(3) above arethe definition of a total strict orderingover all nodesof the graph(DG). The
final outputof the spatialreasoningnoduleis a setof spatiallyadmissiblereadingorders.This setis thenpassednto the next
componento checkfor linguistic admissibility



3.2.2. Natural languageprocessing

In anumberof casest is possibleto find a singlereadingorderjust by applyingspatialreasoningules,but the morecomplex
thelayoutof adocumentthe harderit is to identify a uniquecorrectreadingorder

Whenapplyingthe spatialreasoningules, asdescribedabove, only the relative positionsof onetext block with respect
to anotherareconsidered.The contentof a text block, i.e., the textual informationitself, hasnot beenconsiderecasa means
helpingto decidewhich of the potentialreadingordersarecorrect.Of coursefully understandinghe contentof adocumenis
beyondthe currentstateof the art of naturallanguageprocessingOn the otherhand,our currentresultsindicatethat shallov
NLP toolslik e taggerscancontributeto theresolutionof readingorderambiguities A taggerassignsa part-of-speeckag,such
asDT (determinerthe, a), VBD (pasttenseverb: took,said), SENT (sentencdoundary:. ! ?), etc.,to eachword or punctuation
sign. In our currentimplementationwe used TREETAGGER, a statisticaltaggerbasedon decisiontrees!’” Assigningthe
correctpart-of-speechagto a word is often non-trivial. For example,the word programmingis a gerundin contexts like she
is programmingandanounin contets lik e they considerprogramminganimportantskill. Most part-of-speechaggersely on
statisticalinformationto keeptaggingcomputationallyfeasible.lt is inevitablethatthe statisticaimodelfails in somesituations
andincorrectpart-of-speechagsare assignedo the words. This misclassificatioris very likely to causea decreasef the
accurag of our systemput the precisempacthasnot beenevaluatedyet.

In generaljf onehastwo readingorderso? ...o" ando™ ... o™", wherethe secondsequencés a permutatiorof thefirst
one,andbothreadingordersareadmissibleby the spatialreasoningcomponentto decidewhich of thereadingordersis to be
preferred,we focuson the transitionsbetweeneachobjectof the respectie readingorders. Let 0 andod’ be two consecutie
objectswithin areadingorder, we wantto computethetransitionscorets(o, o’), asdefinedbelow.

First, both objectsaretaggedandthelasttwo (tagged)wordsendingandthefirst (tagged)word beginning objectso ando’
areidentified. We referto thelasttwo tagsof anobjecto by t;2 andt;* andto thefirst by t. To referto thewordsthemseles,
we usew; 2, wg ', andwy.

The restrictionto sequencesf length 3 is mainly dueto the sparsedataproblem,whereit can be expectedthat most
trainingcorporaaretoo smallto assigrreliablefrequencieso seldomlyoccurringsequencesThetransitionscoreof apairo, o’
is computedasfollows:

1 if t;’1 = SENT andw?, startswith auppercaseetter,

10°10 if t;'1 = SENT andw?, startswith alower-casdetter,
tsoo)=< 1 if wy endswith a hyphenandw; 'w}, is in the lexicon,

10-10 if wy* endswith a hyphenandw; *w}, is notin thelexicon,

Ptl|ts%tst) otherwise

The first four casedistinctionsimplementsimple heuristicsdealingwith sentencéboundariesand hyphens. Transitions
which arevery unlikely aregivenalow, non-zerascore.Thelastcasecomputegshe maximumlik elihoodof ataggedsequence
in theremainingsituations.

P(ty %ty 1tS
Pyl = oo )

P(to “to )
whereP(t5 %5 1t}) is computedby dividing the numberof occurrencesf the tag sequence; 2ty 't} in a pre-taggedraining
corpusby the numberof all trigramsoccurrencesP(t;t5 1) is computedanalogously The readeiis referredto Manningand
Schitzestextbook!8 for a comprehensieintroductionto statisticalnaturallanguagenodeling.

To decidethe wholereadingorderof adocumenpagewith the textual objectso? . .. 0", thetransitionscoreis computedas
the productof thetransitionscoresof all consecutre text objects:

ts(o'...0") = r_i:llts(oi o'+

By computingscorest is alsopossibleto rankthe differentreadingorders.During the experimentswve consideredanly the
readingorderwith the highestscore.



4. EXPERIMENTS AND EVALUATION

We have appliedour methodto 206 Englishdocumenimagesfrom the DocumentDatabasél (MTDB).1® Amongthesewere
newspapersmagazinearticles,scientificarticlesfrom several journals(physics,math,chemistry). In the next threesections,
we presenthe experimentakesultsfor eachmoduleandthengive ageneralkvaluationof the system.

At the currentstate,we are not ableto identify independencéetweentextual objects,andthe generatedrderingof the
objectsis alwaystotal. To comparethe generatedotal readingorderto a setof independenteadingorders,we consider
ary permutationof the independenteadingordersanddefinethe total readingorderascorrectif it is identicalto oneof the
permutations.

4.1. DocumentObject Classification

Thedocument®f theMTDB datasetaregray-level andcolorimagesscannedt theimageresolutionof 300dpi.In thedataset

the groundtruth for layout andlogical structureis available. In the pagesconsidered445 documentbbjectsareBody Text,
132Caption, 125Page Nunber and52Title.

ON METABELIAN GROUPS

(@) (b)

Figure 4. Examplesof heterogeneousocumentgrom the dataset.

(d) ()

In theevaluationof featurebasedtlassificationye have consideredhegroundtruth definedin MTDB, usingthefollowing
errorrateformulas:
f1= w*loo% fo = P *100%

GT GT¢
whereGT representshe groundtruth, FN (false nggative) the numberof documentobjectsof a classnot detectedand FP
(falsepositive) the numberof wrongly classifiedasbeingof the currenttype. For f, the complementf the groundtruth GT®
is definedasthe numberof all documentobjectsminusthoseof the currenttype. The classifiersconsiderecherearelinear,
quadraticandrespectiely the Parzenclassifier

Fromthetotal numberof objects,half of eachclasswereselectedastraining setandtherestastestset. The comparatie
resultsarepresentedh Tablel. Theaverageerrormadein classificatiorof all blocksis computedastheaverageof non-diagonal
itemsfrom the confusionmatrix. The quadraticclassifie(QDC) givesthe bestclassification.

Table 1. Comparatie resultsof classificatiorusinglinear, quadraticandParzenClassifiers.

LDC QDC Parzen

WPe T f90) 1) | %) To%) | f(%)  f2(%)
Body 445 1.57 19.74 3.82 3.88 | 11.23 6.79
Caption 132 | 28.03 1.28 | 12.87 2.89| 11.36 6.43
PageNumber 125| 19.20 2.54 0.80 0.95| 20.00 8.58
Title 52| 34.61 0.28 | 11.53 0.71| 48.07 0.14

[ Total [754] 2330 | 1111 | 3116 |




In Table 2, one can seethe confusionmatrix for QDC classifier The prominentmistales madeare the confusionsof
Captionwith Titl es andBody Text with bothTit| es andCapti ons.

Table 2. The confusionmatrix of the quadraticclassifierpresentedn Tablel.

% Body | Caption | PageNumber| Title
Body 92.20 6.42 0| 137
Caption 15.38 73.84 9.23| 1.53
PageNumber 0 0 98.36| 1.63
Title 8.00 16.00 0| 76.00

Using the leave-one-ouimethod? for selectionof training andtestset,which is more appropriatefor this small dataset,
the averageerror madein classificationusingthe quadraticclassifier was8.65%. The averageconfusionmatrix is presented
in Table3.

Table 3. The confusionmatrix of the quadraticclassifier usingleave-one-oumethod.

% Body | Caption | PageNumber| Title
Body 92.13 7.41 0| 0.44
Caption 4.04 92.13 1.34| 247
PageNumber 0 0 97.52| 2.47
Title 5.39 11.01 0| 83.59

Mostof theerrorsmadearedueto overlapof thefeaturevaluesbecausef variationsin documenstyle. Difficult examples
aregivenin Figure4.aandFigure4.c. Thebottom-rightmostobjectof theimage(a) is abody-text. Butits sizeandaspectatio
malesit similarto atitle. In (c), onecanseea pagewith largeimagesandfew text. Therethe font sizeratio featurecannotbe
computedcorrectly

4.2. ReadingOrder Detection

We have appliedthe spatialreasoneandthe naturallanguagecomponentso detectthe readingorderof the subsef English
document®f the MTDB datasetWe provide the experimentakesultsfor eachcomponentseparately

We usetheprecisionmeasuré? astandardffectivenessneasurén InformationRetrieval, to evaluatethe spatialreasoning
componenttheNLP componentandthesystemasawhole. For thespatialreasoninggomponentthesetof spatiallyadmissible
readingorders(SARO) is comparedo the groundtruth, which definesthe correctreadingorder Analogouslyfor the NLP
componentvherethe the most-likely readingorderis comparedo the groundtruth. For a numberof documentsthe ground
truth definesindependenteadingordersfor a non-intersectingubsetof the textual objectswithin the samedocumentge.g.,
a pagecontainingtwo differentarticlesor independentext blocks suchas information aboutthe authorsof an article, as
exemplifiedby Figure4.d. Sinceboth componentseturntotal readingorders we considera readingcorrectif it is identicalto
atleastonepermutatiorof theindependenteadingordersasdefinedin thegroundtruth. We referto the setof permutationof
the groundtruth asthe setof correctreadingorders(CRO). Then,the precisionof the spatialreasoningcomponents defined
asfollows:

recision= | SAROACRO |
P ~ T [SARO]
The precisionvaluelies between0 and 1 inclusive, whereO indicatesthat the correctreadingis not amongthe spatially
admissibleeadingorders,l indicateghatthereis exactly onespatiallyadmissibleeadingorderandit is correct,andary other
valueindicateshe degreeof uncertaintyof the spatialreasoningcomponent.

Evaluatingthe NLP components a bit simpler becausanot a setof admissiblereadingordersis identifiedbut onesingle
readingorder Let mtSARO) bethereadingorderwith the maximaltransitionscoreamongthe spatiallyadmissiblereading
orders.For evaluatingthe NLP componentprecisionis definedas:



precision= | {mtg{SARO)} NCRO |

Here,precisionwill alwaysbeeitherl, if the statisticallymostlikely readingorderis correct,or O if it is incorrect.

4.2.1. Spatial reasoning

We have previously presentedhe resultof applyingthe generalrulesof Section3.2.1 consideringectanglesvith no bound-
aries® In thecurrentsystemwe considethick boundariesindusetwo specificsetsof spatialrules. Thetwo setsof rulesfurther

constrainthe spatialadmissiblereadingordersby forcing ‘coherencethroughouthedocumentTheideais thatadocumenis

organizedeithervertically or horizontally In otherwords,it is notacceptabléhatwithin the samedocumentthereis a subset
of objectsto bereadcolumn-wiseandothersrow-wise.

Table 4. Experimentatesultsof applyingthe spatialreasoningcomponento detectthereadingorder

no. of no.ofrelevant | no.of possible| avg sizeof .- oo
documents documenbbjects| readingorders SARD avg precision | difficulty
13 1 1 1 1| trivial
22 2 2 1 1| easy
81 3-8 6-40320 1.43 0.7778| medium
6 >8 > 40320 15 0.7222| hard
avemage 122 3.928| 695,705,662 1.26 0.8452
median 122 4 24 1 1

In Table4, theresultsof applyingthe spatialreasoneto 122 documentsn Englishof the MTDB datasetaresummarized.
Dependingon the numberof relevant documentobjectsdifferent subsetof the documentsare considered. The higherthe
numberof documentobjects,the harderthe task of analyzingthe documentat hand. The rows are sortedin ascendingrder
of difficulty. In thefirst column,the numberof documentss shawvn. In the secondcolumn,the numberof relevantdocument
objects—titlesandtext bodies—ispresentedin the third column,the numberof possiblereadingordersgiventhe numberof
relevantdocumenibbijectsis displayed. This numberis computedasthe factorial of the numberof documentobjects. In the
forth column,the numberof identifiedspatiallyadmissiblereadingorders(the outputof the spatialreasoner)s shavn. In the
fifth column,the precisionvalueprovidesanevaluationof the performancef the spatialreasonerExceptfor thelastrow, the
valueof precisionis givenasthe averagevalueof eachdocumenbf the classconsideredn thatrow.

In thelastcolumnof Table4, thereis anintuitive statementegardingthe difficulty of processinglocumentf the class.
Finally, the lasttwo rows summarizethe resultsfor the whole collectionby giving the averageof all valuesandthe median.
Themedianis moresignificantin the currentcontect asthedistribution of the possiblereadingordersis extremelyskewed.

4.2.2. Natural languageprocessingexperimentalresults

Amongthe 109 non-trivial document®f the Englishdocument®f theMTDB, are35 documentsvhich couldonly bepartially
disambiguatedby the spatialreasoningcomponentindthereforeretainmorethanonespatiallyadmissiblereadingorder The
NLP componenhasbeenappliedto those35 documentonly.

Table 5. Experimentatesultsfor the NLP component.

no. of —
documents SARD | avg precision
34 2 0.9091

1 4 0
| 35 | 0.8824 |

Thereis only onedocumentwith morethantwo spatiallyadmissiblereadingorders. Althoughit is mentionedn Table5,
it canbe discardedvhenevaluatingthe NLP componentbecauseioneof the four readingordersis correctandapplyingthe



NLP componento thesereadingordersto choosethe mostlik ely one cannotchangethis fact. Focusingon the remaining34
documentshaws thatthe averageprecisionis 0.9091,meaningthatfor approximately91% of the pageghe statisticallymost
likely readingis indeedthe correctone.

In asituationwherethe most-likely readingorderis incorrect,thisis mainly dueto OCRerrors.For instancepneof thetext
blocksstartswith theword We whichis recognizedy the OCR softwareas\ Ve. This againcauseshepart-of-speeckaggerto
assignwrongtagsto thosewords. Sincethe computatiorof thetransitionscoreis basedon the part-of-speechags,this results
in ascoredeviating from the scoreusingthe correctpart-of-speeclags.

4.2.3. General evaluation of the system

To give an overall evaluationof the system,we first explain how to combinethe precisionof both components.Evaluation
focusesn theidentificationof asinglereadingorder:

1 if | SARO| =1andSARO C CRO,
precision=< 1 if | SARO| > 2andmtgSARO) € CRO,
0 otherwise.

Thefirst caseaccountdor situationsvherethespatialreasoningomponentvasableto uniquelyidentify thecorrectreading
order Thesecondcaseaccountgor situationswheremorethanonespatiallyadmissiblereadingorderwasidentifiedandthe
statisticallymost-likely readingis correct. Thethird caseaccountdor situationsvhereoneof thetwo componentgxcludesthe
correctreadingorder Table6 presentshe averageprecisionfor identifying a uniquereadingorderfor 122 Englishdocuments
from MTDB.

Table 6. Experimentatesultsfor thewhole system.

dor::%.rz];nts SARD | avg precision
87 1 0.9884

35 >2 0.8824

| 122 ] 0.9580|

The presentedesultsare encouragingas they are a clearimprovementof our own previous experimentations. This is
mainly dueto the useof the more specificconstraintswhich impose‘coherence’and, in part, to the consideratiorof thick
boundariesor therectanglesTheNLP componenhasbenefitedrom usingCELEX, 2! arathercomprehensielexicon, which
we usedto recognizenyphenateavords,andtheimplementatiorof a betterlanguagenodelallowing to computemoreprecise
transitionscores.

5. CONCLUSIONS

We have proposeda methodbasedon genericdocumenknowledgefor detectingthe logical structureof documentgor which
only generallayout informationis assumed.Given the layout of a document,simply by using geometricinformation, font
featuresandtextual contentwe areableto identify thelogical structurewith reasonableccurag.

Themaincontribution of thepresente@dpproacHiesin its generality Virtually nothingis assumeaf thedocumenhandled
by the system.Thecurrentimplementatioris ableto work only for Englishdocumentshut the sametechniquegresentedhere
could be appliedto otherlanguagesTherestrictionto Englishis imposedby the NLP componentvhereat the momentonly
a part-of-speechiaggerfor Englishis consideredPart-of-speechaggersareavailablefor anumberof languagesllowing our
systento beapplicableto otherlanguages.

Furthermorethe spatialrulesemployedby the spatialreasoninggomponentaregeneral They applyto documentprepared
accordingto the commonknowledge of the occidentalculture: one proceedsrom top-dovn and/orleft-right. Again we
remarkthe generalityof the frameawork. If onewantsto move to documentdrom differentcultures.the left-right rule may be
violated,but this promptsonly for arewriting of afew spatialreasoningules,notfor redesigninghewholedocumentnalysis
framework.



Having setthe achievementof generalityasa goal, somekey problemsneedto be addresseéh our future investigations.
Prominently dealingwith independenteadingordersis fundamental. Thereare at leasttwo reasondor this: On the one
hand,mary documentsontaintexts which areindependenfrom anotherand neednot be readin a strict sequentiabrder
Newspapersarethe mostprominentexample,but arenot the only one. Magazinesscientificdocumentavith framesor tables
areall examplesof this sort. On the otherhand,within the samedocumentjtemsof differentnaturecannotbe constrainedo
bewithin auniquetotal readingorder A pictureimmersedn a surroundingof text is verylikely to berelatecto thattext, but at
thesametime it neednot be placedexactly afteroneword ratherthananotheroneor afteroneblock of text ratherthananother
one. Partial orders,insteadof stricttotal orders representhelogical structureof documentsn a betterway andshouldbethe
final outputof a systemextractingthelogical structurefrom a scannedlocument.

Of independentnterestis the vertical integration of the presentedramewnork. One movesfrom image processingor
scanneddocumentsto naturallanguageprocessingpassingthroughconstraintsatisfction techniquesand formal methods.
Theintegrationof layout, spatialandnaturallanguagenformationis innovative for documentnalysisandunderstandingWe
have madea first attempt,but more integrationis possible. For example,distinguishinga title from a quotationwhich are
in-betweenblocks of text that form columnsis not possibleby resortingonly to layout information, or by applying spatial
reasoningonstraintslt is only thetextual contentof thedocumenbbjectwhich canallow to distinguishatitle from a citation.
Thus,naturallanguageprocessingvhich we have usedto disambiguat@mongspatiallyadmissibleeadingorders,could be of
greathelpalsoto assigrtypesto individualdocumenbbjects;settinganotheisteptowardsinformationintegrationfor document
analysisandunderstanding.
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