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ABSTRACT

We presenta fully implementedsystembasedongenericdocumentknowledgefor detectingthelogicalstructureof documents
for which only generallayoutinformationis assumed.In particular, we focuson detectingthereadingorder. Our systeminte-
gratescomponentsbasedoncomputervision,artificial intelligence,andnaturallanguageprocessingtechniques.Theprominent
featureof our framework is its ability to handledocumentsfrom heterogeneouscollections.Thesystemhasbeenevaluatedon
astandardcollectionof documentsto measurethequalityof thereadingorderdetection.Experimentalresultsfor eachcompo-
nentandthesystemasa wholearepresentedanddiscussedin detail. Theperformanceof thesystemis promising,especially
whenconsideringthediversityof thedocumentcollection.

Keywords: DocumentAnalysis,Logical StructureDetection,ReadingOrderDetection,NaturalLanguageProcessing,Spatial
Reasoning.

1. INTR ODUCTION

The goalof documentanalysisis to automaticallyprocessscanneddocumentsandconvert theminto a digital format,which
canfor examplebefurtherprocessedfor reproduction,digital libraries,informationretrieval,andtext-to-speechpurposes.This
processmainly consistsof two steps:layoutanalysisanddocumentunderstanding.During thelayoutanalysistheconstituents
of the documentimageof a pageare identifiedandclassifiedas text or imageobjectsand further font information, textual
content,geometricfeatures,andspatialrelationsareextracted.This informationis capturedin thelayoutstructure.Document
understandingtakesthe layoutstructureasinput, furtherclassifiesits itemsinto logical items(e.g.,title, paragraph,etc.) and
detectsrelationsbetweenthem(e.g.,thereadingorder).This informationis capturedin thelogical structure.

Mostof thedocumentanalysissystemsdevelopedsofarmakeuseof specificapriori documentknowledgeandaretherefore
domain-dependent.Thesystemsdescribedin theliteratureandimplementedin commercialsoftware(e.g.,FINEREADER1) can
successfullyhandlesimpleblack-and-whitedocumentswith a layout structurewhich is known in advance.The treatmentof
coloreddocuments,complex layouts,andthe analysisof a heterogeneousclassof documentsis definitelya challengingtask
andopenquestion.

In this paperwe try to answerthis question. Without usingany documentclass-specificinformation,as the dataset is
composedby alargecollectionof documentclasses,wedetectthelogicalstructure.In particular, wefocusonthereadingorder
detectionwhich is a fundamentalpartof the logical structure.The readingorder is thesequenceof textual documentobjects
in which theuseris goingto (or is supposedto) readthedocumentat hand.To detectthereadingorderin a scanneddocument
of which thelayoutstructureis available,we introducetwo componentsthattake full advantageof thelayoutinformation.The
first componentis basedon formal methods.A spatialreasoner, usinga setof documentrulesdecideswhich readingorders
areformally correctfrom thespatialpoint of view. Thesecondcomponentis basedon naturallanguageprocessing(NLP) and
considersthetext presentin thetextualdocumentobjectsidentifying thesyntacticallymostplausiblereadingorders.

In the last decade,severalsystemsfor detectinglogical structuresfrom scannedtext have beendeveloped.Oneexample
of a domainspecificsystemhasbeendevelopedby TsujimotoandAsadato processmulti-columnblack-and-whitescientific
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papers.2 Both in layout andlogical structuredetection,the domainknowledgeis usedto derive the classificationrules. The
mainshortcomingof thissystemis thatit cannotbeadaptedto otherclassesof documents.

Ishitaniproposesto exchangeinformationbetweenlayoutandlogicalanalysis,whichareappliediteratively.3 Thisimproves
bothlayoutandlogicaldetection.But asin thepreviouscase,thissystemcanbeusedonly for documentsfalling in onespecific
class.

A steptowardgeneralityis madeby Cesariniet al.4 Two distinctcategoriesof knowledgeareidentified:specificto a class
of documentsandgenericor independentfrom the classof documents.A pitfall is the useof XY-trees5 which reducesthe
generalityof documentsto which theirsystemis applicable.For instance,colordocumentswhereoverlappingis presentcannot
beprocessed.

Therehave beenattemptsto automaticallygeneraterulesto detectthe logical structurefor a generalclassof documents.
SainzandDimitriadis usea fuzzy-neuralsystemto learnfrom a giventrainingsetwhattherulesarefor convertingthelayout
into the logical structure.6 Li andNg proposea domain-independentdocumentunderstandingsystemwith learningability.7

They usea directedweightedgraphto representthe layout structure,allowing for a moregeneralclassof documentsto be
consideredthanby usingtreerepresentations.Both SainzandDimitriadi andLi andNg useonly geometricalinformationof
the layout,but in the extractionof the logical structurethe contenthasa key role. For example,whenno a priori document
knowledgeis given,detectingthereadingorderof thetextual elementsof a documentcanonly beachievedby consideringthe
textualcontentof theelementsthemselves,which in turn impliestheuseof naturallanguageprocessing.

Wehavepreviouslyproposeda framework to extractthelogicalstructuregiventhelayoutstructuremakingsomeuseof the
contentof thedocument.Someverypreliminaryexperimentalresultswerepresented.8 In this paper, weextendtheframework
in two ways. On the onehand,we provide somevertical integration,that is, we do not assumeanymorethe logical object
classificationis availablea priori. On theotherhand,we usemoreeffectivespatialreasoningandnaturallanguageprocessing
techniques.

The remainderof this paperis organizedas follows: In the next sectionwe describethe adoptedrepresentationfor the
layout andlogical structureof a document.In Section3, we presentthe architectureof our system,anddescribeeachof its
components.Experimentalresultsandevaluationarediscussedin Section4.

2. DOCUMENT REPRESENTATION

Thedocumentimageanalysiscanbeseenastheinverseprocessof documentauthoring.Thereforethesetwo processesshould
usesimilardocumentmodels.Requiringthedocumentclassto begeneric,thedocumentmodelshouldbeableto representany
complex documentstructure.Ratherthantree-basedrepresentations,we considera graph-basedoneto encodethe relations
amongdocumentobjects.Our modelis a flexible representationsuitablefor a broadclassof documents.A document6 is a
setof layout 7 andlogical 8 structures:6:9<;=7
>?8�@ .

As for the layout (or geometric)structure 7 of a document6 . Let A g be a setof layoutdocumentobjectsand B g a set
of geometricrelationsbetweenthe documentobjects,suchthat 7C9D;EA g >?B g @ . In the currentimplementationof the system,
the layout structurehasthreecategoriesof layout objects: text, imageandgraphics. Becausewe have to dealwith generic
documents,weconsideraflexible list of featuresratherthanafixedset.Besidestheboundingboxescoordinates,thedocument
object’s featuresconsideredare:font size ratio definedasratio betweenthefont sizeof thecurrentdocumentobject,and
themostcommonfont sizeof theentirepage;aspect ratio definedaswidth dividedby heightof thedocumentobject;area
ratio definedastheratio betweentheobject’s areaandthepagearea;content size definedasnumberof characters;font
style with the possiblevalues“Plain”, “Bold” and“Italic”. The sameholds for relations: ratherthankeepingonesingle
relationwehavea list of relations.Thespatialrelationsconsideredamongdocumentobjectsareadjacency andtheproductof
theAllen’s relationson thetwo documentaxes:precedes, meets, overlaps, starts, during, finishes, equals (andtheir
inverses).9 Theadjacency relationis determinedbasedon Voronoidiagrams.10

As for the logical structure, it is definedanalogouslyto thelayoutstructureasasetof logicaldocumentobjectsandasetof
logic relationsbetweenthem: 8$9:;EA l >FB l @ .

3. FROM LAYOUT TO LOGICAL STRUCTURE

Assumingthat theboundingboxesof textual documentobjectsaregiven,our systemextractsthe logical structurefrom it, as
shown in Figure1. The first module(depictedat thebottomof the figure)assignsto the layoutdocumentobjects A g logical
labels, thus creatingthe set of logical objects A l . This processis describedin detail in Section3.1. For eachtype of A l



the readingorderis extractedindependently, aspresentedin Section3.2.1. Thesereadingordersof eachtype of A l arethen
combinedtogetherinto asetof admissiblereadingorders.Ontheright of thefigure,azoom-inof thespatialreasoningmodule
is shown. This setis furtherreducedusingthenaturallanguageprocessingmoduledescribedin Section3.2.2.

GIHKJIL?MIN?OPN Q MKRSN MTQ UV0W0XZYT[]\_^

`=a bTcIcKd e d fgbKh d i?jkiKe?lnm_oPpkq rTs?t ugo?qSr?vSw xPugy pz {F| } ~ �F�K���T�T�I� {Z�T�Z} �I���?�Z} | �?���F�I�n�F�T�P���E� �
�Z�K�F�0�_�K�P��K�I�P�I�   � �=¡ ¢T�K�

£I¤T¥F¦ §g¨?©ZªP« ¬ K§S« T¬ ®¯±°?² ³ ´Fµ ¶ · ¸F¹Kº�»T¼K½I¾ ´Z¸K¿Z¶ ¹IÀ�Á?ÂZ¶ µ »?ÃP¹TÄFÁPÅT¸�ÆEÇ È ÉÊ ËPÌ ÍÏÎPÐTÑ?Ò ÓKÔ_ÕkÖ ÑPÎ?Ö

×�Ø?Ù_ÚTÛZÜ Ý=Þ=ß ß ÝFàKá âäãZåIæ?ãZåç è?é êKë ì í?îIï

ð�ñ ò óPôgõ óTö_÷?ò ø?ùTúüû ðþý�ÿ����Pø�� �
� �	��
 �� ��� � �	�  ������� �	���������  �

����� ���� !	"�#�$� !&%('

)�*�+�,�-�.�,�+ /�0	12*�/�3�4 5	6�798 3�*�8 :

;(<�= >�? <�@	A	<�B	C�>	<�C�DFE�? G�HID�J�J�K B	C

L�M�N�O�PRQ2M�S�T�U V	W�XZY T�M�Y [

\2]�^�_�`I]�^&a�]�b�c�dR\2]�e�^�f g�h&iZj ^�]�j k

lnm�o&p�q r	sut v	sFw2s�x�y�q r	z&{Z| y�s�| }9m�~
��� � � ��� �����R�(��� ���	���

�R�	��� � ��� �������������	����� ��� � � ��  ¡�¢�£�¤ ¥ £�¦ §�¨2©�ª�«�¬�	©�®�¯ °R±�²�³	´
µ�¶�·�¸ ¹

º¼»�½¿¾FÀRÁ�ÂRÃ ½
ÄnÅ�Æ�Ç È ÆRÉ Ê	ËÍÌRÎ�Ï�Ð2Ñ�Ì�Ò(Ó Ô�Õ�Ö�ÌR×

Figure1. Thesystemarchitecture.

We considerthe layout detectedat the granularityof text blocks. Using geometricfeaturesandcontentwe classify the
layoutdocumentobjectsanddeterminethereadingorder. In this paper, we focuson text documentobjectsonly.

Theoutcomeof our systemfor a givenimagecanbeseenin Figure2. Theinput imageandtheresultof documentobject
classificationaredepictedin (a) and(b), respectively. The two admissiblereadingordersdetectedby the spatialreasoning
componentareshown by (c) and(d). Fromthese,theNLP componentremovestherow-wisereadingorder(c), giving asoutput
thecorrectone,which is thecolumn-wise(d).

(a) (b) (c) (d)

Figure2. Theprocessingof a documentimage.

3.1. DocumentObject Classification

Whenconsideringa broadclassof documentsthereis a limited numberof logical documentobject typescommonto all of
them.11 For text documentobjects,we areconsideringthe following logical labels: Title, Body Text, Caption andPage



Number. After studyingthegroundtruth,wehaveselectedthefivefeaturesdefinedin Section2 asdiscriminativefor thelogical
typespresentedabove. Furthermore,weexpressedtheadjacency relationasthefeaturedistance to the closest figure.
This is the distance(obtainedfrom the adjacency relation)betweenthe currenttext documentobjectand the closestfigure
documentobjectamongtheneighbors.If thereis nofigurein theneighborslist thedistancegetsthemaximumvalue.

Eachfeaturefrom thesetjust presentedis discriminativebetweentwo or moretypesof A g: font size ratio is discrim-
inative betweenTitle andBody Text; aspect ratio differentiatesTitle andCaption from Body Text; area ratio is
mostlydiscriminativefor Page Number againstBody Text; content size separatesthePage Number, Title andCaption
fromBody Text; font style separatestheTitle andCaption fromBody Text12 anddistance to the closest figure
is discriminative betweenTitle andCaption. Noneof thesefeaturesaloneis discriminative enoughfor a reliableselection.
For instance,in Figure3 thefont size ratio feature is shown for Title, Body Text, Caption andPage Number doc-
umentobjects.Thedocumentobjectsarerepresentedby their index on theX axis,andtheactualvalueof the featureon the
Y axis. Onecanseethat for Body Text this is mostof thetime equalto 1 while for Title is larger than1, asexpected.The
exceptionsappeardueto errorsin font informationdetection,or dueto peculiaritiesof specificdocuments.For theCaption
feature,thevaluesof thefont size ratio featurearealsomostof thetimeequalor closerto 1. Theexceptionsherearedue
to somedocumentstyleswherecaptionsarewritten with largerfonts,or pagescontainingpicturesandcaptionsonly. Theex-
ceptionsfrom theruleproduceoverlapin valuesof eachfeature,andmakeselectiondifficult usingauniquefeature.Therefore,
we usethesix dimensionalspacefor classification.
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Figure3. Thefont size ratio featurefor Title, Body Text, Caption andPage Number documentobjects.

3.2. ReadingOrder Detection

In thissection,wepresentthetwo componentsto detectthereadingorderin thescanneddocumentassumingthelayoutstructure
is available.We focuson theextractionof a uniquereadingorder.

3.2.1. Spatial reasoningon documentobjects

Usually, boundingboxesof thedocumentobjectsareconsideredin thelogical analysisstep,andit appearsnaturalto resortto
a formal methodbasedon rectangles.In 1983,Allen andvanBenthemindependentlyproposeda calculusfor time intervals
identifying13basicrelations.9,14 Thecalculushasprovedto bequitesuccessfuleversinceandis oneof themostcitedwork in
AI. Recentlyanextensionto two dimensionshasbeenproposedby Balbianiet al.: a calculusfor rectangles.15 The ideais to
considera rectanglemodel ; R> mx > my @ , that is a setof rectanglesR andthesetof Allen’s 13 � 13 relationsover therectangles
on thetwo documentaxes.



In orderto compensatefor imprecisionin layoutinformation,weslightly adapttheoriginal rectanglemodelby considering
‘thick boundaries’for rectangles.Thethickness,thesizeof thesides,is definedaccordingto thescaleof thescanneddocument.
Thispromptedfor a rewriting of Allen’s relationsto takein accountfor suchthick boundarieswhile preservingall fundamental
propertiesof the calculus,mostnotably, the relationsover intervals shouldbe jointly exhaustive andpairwisedisjoint. For
example,meets(B1,B2) is not trueif theendpoint of B1 coincideswith thestartingpoint of B2, asin Allen’s original work.
Rather, meets(B1, B2) is trueif thedifferencebetweenthetheendpointof B1 andthestartingpointof B2 is smallerthanthe
identified‘thickness’of theboundariesof therectangles.

Theuseof therectanglemodelwith thick boundariesfor spatialreasoningconsistsof thefollowing: first, weusegeometric
information (the layout structure)to build the rectanglemodel associatedwith the document. Second,we encodea set of
documentrules as constraintsover documentobjects,i.e., rectanglesin the rectanglemodel. Third, by using the efficient
constraintsatisfactionsolver Eclipse,16 we checkthe consistency of thedocumentrulesinstantiatedby the textual document
objects.

To illustratethekind of documentrulesthatwe areusing,considerthe following generalandbasicfactof theoccidental
culture:A textualcomponentis readbeforeanotheroneif it is on topor to theleft of thesecondone.Thiscanbewrittenassix
constraintsin therectanglemodel(expressedin Eclipsecode):

before in reading(B1, B2):- before in reading(B1, B2):-
precedes X(B1, B2). precedes Y(B1, B2).

before in reading(B1, B2):- before in reading(B1, B2):-
meets X(B1, B2). meets Y(B1, B2).

before in reading(B1, B2):- before in reading(B1, B2):-
overlaps X(B1, B2). overlaps Y(B1, B2).

whereB1 andB2 areany two textual documentobjects.Giventhe formal propertiesof the rectanglemodel,15 we know that
theorderin which therulesareconsideredis irrelevantandthatcheckingtheconsistency of instantiatedrulesovera rectangle
modelis not only adecidableproblem,but alsoits complexity hasapolynomialbound.

Rulescanfurther constraintthe setof admissiblerelations. Onemay want to force the readingorderto be column-wise
(like for mostnewspapers),or preferthehorizontaldirectionover theverticalone(suchasin TsujimotoandAsada’swork2).

In Section2, we have introducedthe layout structureas 7<9 ;=A g >?B g @ . It is immediateto seethat the rectanglemodel
; R> mx > my @ is a subsetof it, in thesensethatR

� A g andthatmx � B g, my � B g. Thenthespatialreasonerbuilds theelements
of theternaryrelation

B ord : A l
� A l

� IN

interpretedas: a documentobjectbelongingto the logical structureis immediatelybeforein readingof a seconddocument
objectof thelogicalstructurein then-th spatiallyadmissiblereadingorder. B ord is a logicalstructurerelation,i.e., B ord � B l .
For every two textual objectsoi > o j theconsistency of readingorderrelationover them B ord

�
oi > o j > � is checkedagainstthe

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 sequenceof objectssuchthat:

1. B ord
�
ok > ok� 1 > n � is consistent,

2. eachdocumentobjectok appearsatmostonceasthefirst argumentin a B ord
� > > n � triple andatmostonceasthesecond

argument,

3. everyok   A l appearsat leastoncein a B ord
� > > n � triple.

Referringto Figure1, wenotethatthesetof pairsok > ok� 1 in therelation B ord
�
ok > ok� 1 > n� , independentlyfrom then, forms

adirectedgraph(DG) overdocumentobjects.Theedgesof thegraphareinterpretedasthenodeok is ‘beforein reading’of the
nodeok� 1. Theconditions(2) and(3) above arethedefinitionof a total strict orderingover all nodesof thegraph(DG). The
final outputof thespatialreasoningmoduleis asetof spatiallyadmissiblereadingorders.Thissetis thenpassedonto thenext
componentto checkfor linguistic admissibility.



3.2.2. Natural languageprocessing

In a numberof casesit is possibleto find a singlereadingorderjust by applyingspatialreasoningrules,but themorecomplex
thelayoutof a document,theharderit is to identify a uniquecorrectreadingorder.

Whenapplyingthe spatialreasoningrules,asdescribedabove, only the relative positionsof onetext block with respect
to anotherareconsidered.Thecontentof a text block, i.e., the textual informationitself, hasnot beenconsideredasa means
helpingto decidewhichof thepotentialreadingordersarecorrect.Of course,fully understandingthecontentof adocumentis
beyondthecurrentstateof theart of naturallanguageprocessing.On theotherhand,our currentresultsindicatethatshallow
NLP toolsliketaggerscancontributeto theresolutionof readingorderambiguities.A taggerassignsapart-of-speechtag,such
asDT (determiner:the, a), VBD (pasttenseverb: took,said), SENT (sentenceboundary:. ! ?),etc.,to eachword or punctuation
sign. In our current implementation,we usedTREETAGGER, a statisticaltaggerbasedon decisiontrees.17 Assigningthe
correctpart-of-speechtagto a word is oftennon-trivial. For example,theword programmingis a gerundin contexts like she
is programmingandanounin contexts like they considerprogrammingan importantskill. Mostpart-of-speechtaggersrely on
statisticalinformationto keeptaggingcomputationallyfeasible.It is inevitablethatthestatisticalmodelfails in somesituations
andincorrectpart-of-speechtagsareassignedto the words. This misclassificationis very likely to causea decreaseof the
accuracy of our system,but thepreciseimpacthasnot beenevaluatedyet.

In general,if onehastwo readingorderso1 ¡¢¡£¡ on andoπ ¤ 1¥¦¡£¡¢¡ oπ ¤ n¥ , wherethesecondsequenceis a permutationof thefirst
one,andbothreadingordersareadmissibleby thespatialreasoningcomponent,to decidewhich of thereadingordersis to be
preferred,we focuson the transitionsbetweeneachobjectof the respective readingorders.Let o ando§ be two consecutive
objectswithin a readingorder, wewantto computethetransitionscorets(o > o§ ), asdefinedbelow.

First,bothobjectsaretaggedandthelasttwo (tagged)wordsendingandthefirst (tagged)word beginningobjectso ando§
areidentified.We referto thelasttwo tagsof anobjecto by t ¨ 2

o andt ¨ 1
o andto thefirst by t1

o. To referto thewordsthemselves,
we useẅ 2

o , ẅ 1
o , andw1

o.

The restrictionto sequencesof length 3 is mainly due to the sparsedataproblem,whereit can be expectedthat most
trainingcorporaaretoosmallto assignreliablefrequenciesto seldomlyoccurringsequences.Thetransitionscoreof apairo > o§
is computedasfollows:

ts
�
o o§ � 9

©ªªªªªª« ªªªªªª¬

1 if t ¨ 1
o 9®°¯²±´³ andw1

oµ startswith aupper-caseletter>
10̈ 10 if t ¨ 1

o 9®°¯²±´³ andw1
oµ startswith a lower-caseletter>

1 if ẅ 1
o endswith a hyphenandẅ 1

o w1
oµ is in thelexicon>

10̈ 10 if ẅ 1
o endswith a hyphenandẅ 1

o w1
oµ is not in thelexicon>

P
�
t1
oµ·¶ t ¨ 2

o t ¨ 1
o � otherwise¡

The first four casedistinctionsimplementsimpleheuristicsdealingwith sentenceboundariesandhyphens.Transitions
which areveryunlikely aregivena low, non-zeroscore.Thelastcasecomputesthemaximumlikelihoodof a taggedsequence
in theremainingsituations.

P
�
t1
oµ ¶ t ¨ 2

o t ¨ 1
o � 9 P

�
t ¨ 2
o t ¨ 1

o t1
oµ �

P
�
t ¨ 2
o t ¨ 1

o �
whereP

�
t ¨ 2
o t ¨ 1

o t1
oµ � is computedby dividing thenumberof occurrencesof the tagsequencet ¨ 2

o t ¨ 1
o t1

oµ in a pre-taggedtraining
corpusby thenumberof all trigramsoccurrences.P

�
t ¨ 2
o t ¨ 1

o � is computedanalogously. Thereaderis referredto Manningand
Scḧutze’s textbook18 for a comprehensiveintroductionto statisticalnaturallanguagemodeling.

To decidethewholereadingorderof a documentpagewith thetextual objectso1 ¡¢¡£¡ on, thetransitionscoreis computedas
theproductof thetransitionscoresof all consecutivetext objects:

ts
�
o1 ¡¢¡£¡ on � 9 n ¨ 1

∏
i ¸ 1

ts
�
oi oi � 1 �

By computingscoresit is alsopossibleto rankthedifferentreadingorders.During theexperimentsweconsideredonly the
readingorderwith thehighestscore.



4. EXPERIMENTS AND EVALUATION

We have appliedour methodto 206Englishdocumentimagesfrom theDocumentDatabaseII (MTDB).19 Amongthesewere
newspapers,magazinearticles,scientificarticlesfrom several journals(physics,math,chemistry). In thenext threesections,
we presenttheexperimentalresultsfor eachmoduleandthengiveageneralevaluationof thesystem.

At the currentstate,we arenot ableto identify independencebetweentextual objects,andthe generatedorderingof the
objectsis always total. To comparethe generatedtotal readingorder to a set of independentreadingorders,we consider
any permutationof the independentreadingordersanddefinethe total readingorderascorrect if it is identicalto oneof the
permutations.

4.1. DocumentObject Classification

Thedocumentsof theMTDB datasetaregray-level andcolor imagesscannedat theimageresolutionof 300dpi.In thedataset
thegroundtruth for layoutandlogical structureis available. In the pagesconsidered,445documentobjectsareBody Text,
132Caption, 125Page Number and52Title.

(a) (b) (c) (d) (e)

Figure4. Examplesof heterogeneousdocumentsfrom thedataset.

In theevaluationof featurebasedclassification,wehaveconsideredthegroundtruthdefinedin MTDB, usingthefollowing
errorrateformulas:

f1 9 FN
GT ¹ 100% f2 9 FP

GTc ¹ 100%

whereGT representsthe groundtruth, FN (falsenegative) the numberof documentobjectsof a classnot detectedandFP
(falsepositive) thenumberof wrongly classifiedasbeingof thecurrenttype. For f2 thecomplementof thegroundtruth GTc

is definedasthe numberof all documentobjectsminusthoseof the currenttype. The classifiersconsideredherearelinear,
quadraticandrespectively theParzenclassifier.13

Fromthetotal numberof objects,half of eachclasswereselectedastrainingsetandtherestastestset. Thecomparative
resultsarepresentedin Table1. Theaverageerrormadein classificationof all blocksiscomputedastheaverageof non-diagonal
itemsfrom theconfusionmatrix. Thequadraticclassifier(QDC)givesthebestclassification.

Table 1. Comparativeresultsof classificationusinglinear, quadraticandParzenClassifiers.

LDC QDC ParzenType GT
f1
�
%� f2

�
%� f1

�
%� f2

�
%� f1

�
%� 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 23.30 11.11 31.16



In Table 2, one can seethe confusionmatrix for QDC classifier. The prominentmistakes madeare the confusionsof
Caption with Titles andBody Text with bothTitles andCaptions.

Table 2. Theconfusionmatrixof thequadraticclassifierpresentedin Table1.

% Body Caption PageNumber Title
Body 92.20 6.42 0 1.37
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-outmethod13 for selectionof training andtestset,which is moreappropriatefor this small dataset,
theaverageerrormadein classification,usingthequadraticclassifier, was8.65%.Theaverageconfusionmatrix is presented
in Table3.

Table 3. Theconfusionmatrix of thequadraticclassifier, usingleave-one-outmethod.

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

Mostof theerrorsmadearedueto overlapof thefeaturevaluesbecauseof variationsin documentstyle.Difficult examples
aregivenin Figure4.aandFigure4.c.Thebottom-rightmostobjectof theimage(a) is abody-text. But its sizeandaspectratio
makesit similar to a title. In (c), onecanseea pagewith largeimagesandfew text. Therethefont sizeratio featurecannotbe
computedcorrectly.

4.2. ReadingOrder Detection

We have appliedthespatialreasonerandthenaturallanguagecomponentsto detectthereadingorderof thesubsetof English
documentsof theMTDB dataset.We providetheexperimentalresultsfor eachcomponentseparately.

Weusetheprecisionmeasure,20 astandardeffectivenessmeasurein InformationRetrieval, to evaluatethespatialreasoning
component,theNLP component,andthesystemasawhole.For thespatialreasoningcomponent,thesetof spatiallyadmissible
readingorders(SARO) is comparedto the groundtruth, which definesthe correctreadingorder. Analogouslyfor the NLP
componentwherethe themost-likely readingorderis comparedto thegroundtruth. For a numberof documents,theground
truth definesindependentreadingordersfor a non-intersectingsubsetsof the textual objectswithin thesamedocument;e.g.,
a pagecontainingtwo different articlesor independenttext blocks suchas information aboutthe authorsof an article, as
exemplifiedby Figure4.d. Sincebothcomponentsreturntotal readingorders,we considera readingcorrectif it is identicalto
at leastonepermutationof theindependentreadingordersasdefinedin thegroundtruth. We referto thesetof permutationsof
thegroundtruth asthesetof correctreadingorders(CRO). Then,theprecisionof thespatialreasoningcomponentis defined
asfollows:

precision9 ¶ SARO º CRO ¶¶ SARO ¶
The precisionvaluelies between0 and1 inclusive, where0 indicatesthat the correctreadingis not amongthe spatially

admissiblereadingorders,1 indicatesthatthereis exactlyonespatiallyadmissiblereadingorderandit is correct,andany other
valueindicatesthedegreeof uncertaintyof thespatialreasoningcomponent.

EvaluatingtheNLP componentis a bit simpler, becausenot a setof admissiblereadingordersis identifiedbut onesingle
readingorder. Let mts(SARO) bethereadingorderwith themaximaltransitionscoreamongthespatiallyadmissiblereading
orders.For evaluatingtheNLP component,precisionis definedas:



precision9 ¶¼» mts
�
SARO �¾½¿º CRO ¶

Here,precisionwill alwaysbeeither1, if thestatisticallymostlikely readingorderis correct,or 0 if it is incorrect.

4.2.1. Spatial reasoning

We have previously presentedthe resultof applyingthegeneralrulesof Section3.2.1consideringrectangleswith no bound-
aries.8 In thecurrentsystem,weconsiderthick boundariesandusetwo specificsetsof spatialrules.Thetwo setsof rulesfurther
constraintthespatialadmissiblereadingordersby forcing ‘coherence’throughoutthedocument.Theideais thatadocumentis
organizedeithervertically or horizontally. In otherwords,it is not acceptablethatwithin thesamedocument,thereis a subset
of objectsto bereadcolumn-wiseandothersrow-wise.

Table 4. Experimentalresultsof applyingthespatialreasoningcomponentto detectthereadingorder.

no.of no.of relevant no.of possible avg. sizeof
documents documentobjects readingorders SARO

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 À 8 À 40320 1.5 0.7222 hard

average 122 3.928 695,705,662 1.26 0.8452
median 122 4 24 1 1

In Table4, theresultsof applyingthespatialreasonerto 122documentsin Englishof theMTDB datasetaresummarized.
Dependingon the numberof relevant documentobjectsdifferentsubsetsof the documentsareconsidered.The higher the
numberof documentobjects,theharderthe taskof analyzingthe documentat hand. The rows aresortedin ascendingorder
of difficulty. In thefirst column,thenumberof documentsis shown. In thesecondcolumn,thenumberof relevantdocument
objects—titlesandtext bodies—ispresented.In thethird column,thenumberof possiblereadingordersgiventhenumberof
relevantdocumentobjectsis displayed.This numberis computedasthe factorialof the numberof documentobjects.In the
forth column,thenumberof identifiedspatiallyadmissiblereadingorders(theoutputof thespatialreasoner)is shown. In the
fifth column,theprecisionvalueprovidesanevaluationof theperformanceof thespatialreasoner. Exceptfor thelastrow, the
valueof precisionis givenastheaveragevalueof eachdocumentof theclassconsideredon thatrow.

In the lastcolumnof Table4, thereis an intuitive statementregardingthedifficulty of processingdocumentsof theclass.
Finally, the last two rows summarizethe resultsfor the whole collectionby giving the averageof all valuesandthe median.
Themedianis moresignificantin thecurrentcontext asthedistributionof thepossiblereadingordersis extremelyskewed.

4.2.2. Natural languageprocessingexperimental results

Amongthe109non-trivial documentsof theEnglishdocumentsof theMTDB, are35documentswhichcouldonly bepartially
disambiguatedby thespatialreasoningcomponentandthereforeretainmorethanonespatiallyadmissiblereadingorder. The
NLP componenthasbeenappliedto those35 documentsonly.

Table 5. Experimentalresultsfor theNLP component.

no.of
documents

SARO avg. precision

34 2 0.9091
1 4 0

35 0.8824

Thereis only onedocumentwith morethantwo spatiallyadmissiblereadingorders.Althoughit is mentionedin Table5,
it canbediscardedwhenevaluatingtheNLP component,becausenoneof the four readingordersis correctandapplyingthe



NLP componentto thesereadingordersto choosethemostlikely onecannotchangethis fact. Focusingon theremaining34
documentsshows that theaverageprecisionis 0.9091,meaningthat for approximately91%of thepagesthestatisticallymost
likely readingis indeedthecorrectone.

In asituationwherethemost-likely readingorderis incorrect,this is mainlydueto OCRerrors.For instance,oneof thetext
blocksstartswith thewordWewhich is recognizedby theOCRsoftwareas Á Ve. Thisagaincausesthepart-of-speechtaggerto
assignwrongtagsto thosewords.Sincethecomputationof thetransitionscoreis basedon thepart-of-speechtags,this results
in a scoredeviating from thescoreusingthecorrectpart-of-speechtags.

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
focuseson theidentificationof asinglereadingorder:

precision9
©ª« ª¬ 1 if ¶ SARO ¶ 9 1 andSARO

�
CRO >

1 if ¶ SARO ¶ÃÂ 2 andmts
�
SARO �   CRO >

0 otherwise.

Thefirst caseaccountsfor situationswherethespatialreasoningcomponentwasableto uniquelyidentify thecorrectreading
order. Thesecondcaseaccountsfor situationswheremorethanonespatiallyadmissiblereadingorderwasidentifiedandthe
statisticallymost-likely readingis correct.Thethird caseaccountsfor situationswhereoneof thetwo componentsexcludesthe
correctreadingorder. Table6 presentstheaverageprecisionfor identifyinga uniquereadingorderfor 122Englishdocuments
from MTDB.

Table 6. Experimentalresultsfor thewholesystem.

no.of
documents

SARO avg. precision

87 1 0.9884
35 Â 2 0.8824

122 0.9580

The presentedresultsare encouragingas they are a clear improvementof our own previous experimentations.8 This is
mainly due to the useof the morespecificconstraintswhich impose‘coherence’and, in part, to the considerationof thick
boundariesfor therectangles.TheNLP componenthasbenefitedfrom usingCELEX,21 arathercomprehensivelexicon,which
weusedto recognizehyphenatedwords,andtheimplementationof abetterlanguagemodelallowing to computemoreprecise
transitionscores.

5. CONCLUSIONS

We have proposeda methodbasedon genericdocumentknowledgefor detectingthelogical structureof documentsfor which
only generallayout information is assumed.Given the layout of a document,simply by usinggeometricinformation, font
featuresandtextual content,weareableto identify thelogical structurewith reasonableaccuracy.

Themaincontributionof thepresentedapproachliesin its generality. Virtually nothingis assumedof thedocumenthandled
by thesystem.Thecurrentimplementationis ableto work only for Englishdocuments,but thesametechniquespresentedhere
couldbeappliedto otherlanguages.Therestrictionto Englishis imposedby theNLP componentwhereat themomentonly
a part-of-speechtaggerfor Englishis considered.Part-of-speechtaggersareavailablefor a numberof languagesallowing our
systemto beapplicableto otherlanguages.

Furthermore,thespatialrulesemployedby thespatialreasoningcomponentaregeneral.They applyto documentsprepared
accordingto the commonknowledgeof the occidentalculture: one proceedsfrom top-down and/or left-right. Again we
remarkthegeneralityof theframework. If onewantsto move to documentsfrom differentcultures,theleft-right rule maybe
violated,but thispromptsonly for arewriting of a few spatialreasoningrules,not for redesigningthewholedocumentanalysis
framework.



Having settheachievementof generalityasa goal,somekey problemsneedto beaddressedin our future investigations.
Prominently, dealingwith independentreadingordersis fundamental.Thereare at leasttwo reasonsfor this: On the one
hand,many documentscontaintexts which are independentfrom anotherandneednot be readin a strict sequentialorder.
Newspapersarethemostprominentexample,but arenot theonly one.Magazines,scientificdocumentswith framesor tables
areall examplesof this sort. On theotherhand,within thesamedocument,itemsof differentnaturecannotbeconstrainedto
bewithin auniquetotal readingorder. A pictureimmersedin asurroundingof text is very likely to berelatedto thattext, but at
thesametime it neednotbeplacedexactlyafteroneword ratherthananotheroneor afteroneblockof text ratherthananother
one.Partial orders,insteadof strict total orders,representthelogical structureof documentsin a betterway andshouldbethe
final outputof a systemextractingthelogical structurefrom a scanneddocument.

Of independentinterestis the vertical integration of the presentedframework. One moves from imageprocessingfor
scanneddocuments,to naturallanguageprocessing,passingthroughconstraintsatisfaction techniquesandformal methods.
Theintegrationof layout,spatialandnaturallanguageinformationis innovativefor documentanalysisandunderstanding.We
have madea first attempt,but more integration is possible. For example,distinguishinga title from a quotationwhich are
in-betweenblocksof text that form columnsis not possibleby resortingonly to layout information,or by applyingspatial
reasoningconstraints.It is only thetextualcontentof thedocumentobjectwhichcanallow to distinguishatitle from acitation.
Thus,naturallanguageprocessingwhichwehaveusedto disambiguateamongspatiallyadmissiblereadingorders,couldbeof
greathelpalsoto assigntypesto individualdocumentobjects;settinganothersteptowardsinformationintegrationfor document
analysisandunderstanding.
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