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Abstract. This paperpresentsan improved zonecontentclassificationmethod.
Motivatedby our novel background-analysis-basedtableidentificationresearch,
we addedtwo new featuresto the featurevectorfrom onepreviously published
method[7]. Thenew featuresarethetotal areaof largehorizontalandlargever-
tical blankblocksandthenumberof text glyphsin thezone.A binary decision
tree is usedto assigna zoneclasson the basisof its featurevector. The train-
ing andtestingdatasetsfor thealgorithminclude ���
	���� imagesdrawn from the
UWCDROM-III documentimagedatabase.Theclassifieris ableto classifyeach
givenscientificandtechnicaldocumentzoneinto oneof thenineclasses,
 text
classes(of font size ������� pt andfont size ��������
 pt), math,table,halftone,
map/drawing, ruling, logo,andothers.Theimprovedzoneclassificationmethod
raisedthe accuracy rateto ����� ����� from ��	�� 	���� andreducedthe medianfalse
alarmrateto ����� 
�� from ��� 
���� .

1 Problem Statement

Let ! be a setof zoneentities.Let " be a setof contentlabels,suchas text, table,
math,etc. The function #%$&!(')" associateseachelementof * with a label. The
function +,$-!.'0/ specifiesmeasurementsmadeon eachelementof ! , where / is
themeasurementspace.

Thezonecontentclassificationproblemcanbeformulatedasfollows:Givena zone
set ! anda contentlabel set " , find a classificationfunction #1$2!3'4" , that hasthe
maximumprobability: 576 # 6 !98;: + 6 !98
8 (1)

In our currentapproach,we assumeconditionalindependencebetweenthe zone
classifications,sotheprobabilityin Equation1 maybedecomposedas576 # 6 !98;: + 6 !98
8=<?>@�A�B 576 # 6DC 8;: + 6DC 8
8 (2)



Theproblemcanbesolvedby maximizingeachindividual probability
576 # 6DC 8;: + 6DC 8
8

in Equation2, where
CFE ! .

In ourzonecontentclassificationexperiment,theelementsin set! arezonegroundtruth
entitiesfrom UWCDROM III documentimagedatabase[6]. Theelementsof set " are
text with font size GIH�J pt,text with font size KLH�M pt,math,table,halftone,map/drawing,
ruling, logo,andothers.+ 6DC 8 is afeaturevectorgeneratedfor

C
, where

CNE ! . Weused
a decisiontreeclassifierto computetheprobabilityin Equation2 andmaketheassign-
ment.

2 RelatedWork and Paper Organization

A completedocumentimageunderstandingsystemcantransformpaperdocumentsinto
a hierarchicalrepresentationof their structureandcontent.Thetransformeddocument
representationenablesdocumentinterchange,editing, browsing, indexing, filing and
retrieval. Thezoneclassificationtechniqueplaysthekey role in the successof sucha
documentunderstandingsystem.Not only is it usefulfor successive applicationssuch
asOCR, tableunderstanding,etc, but it canbe usedto assistandvalidatedocument
segmentation.

In theliterature,Sivaramakrishnanet.al [7] extractedfeaturesfor eachzonesuchas
run lengthmeanandvariance,spatialmeanandvariance,fractionof the total number
of black pixels in the zone,and the zonewidth ratio for eachzone.They usedthe
decisiontreeclassifierto assigna zoneclasson thebasisof its featurevector. They did
their experimentson MPO�M documentimagesfrom UWCDROM I imagedatabase.Liang
et. al [5] developeda featurebasedzoneclassifierusing only the knowledgeof the
widthsandtheheightsof theconnectedcomponentswithin a givenzone.Le et. al [4]
proposedanautomatedlabelingof zonesfrom scannedimageswith labelssuchastitles,
authors,affiliations and abstracts.The labeling is basedon featurescalculatedfrom
optical characterrecognition(OCR)output,neuralnetwork models,machinelearning
methods,anda setof rulesthat is derivedfrom ananalysisof thepagelayoutfor each
journalandfrom generictypesettingknowledgefor Englishtext.

Wedevelopedanovelbackground-analysis-basedtableidentificationtechnique.We
repeatedSivaramakrishnanet.al’swork [7] ona largerdatabasewith agoalto improve
its performanceon tablezoneclassification.Althoughsomebackgroundanalysistech-
niquescanbefoundin theliterature([1],[2]),noneof them,to ourknowledge,hasbeen
usedin the tableidentificationproblem.We addedtwo new features:the total areaof
large horizontalandvertical blank blocksandthe numberof text glyphsin the given
zone,to theoriginalfeaturevector. Weimprovedtheaccuracy rateandreducedthefalse
alarmratesfor mostof thenineclasses.

The restof this paperis divided into Q sections.section3 givesthe definitionsof
largehorizontalandlargeverticalblankblocks.Thetwo new featuresaredescribedin
section4. A brief introductionto the decisiontreeclassifieris given in section5. The
experimentalresultsarereportedin section6. Our conclusionandstatementof future
work arediscussedin section7.



3 SomeDefinitions

A polygonalareaon a documentpageis givenby a pair
6SR-TVU 8 T where

RFEXW
specifies

thelabelthatdesignatesthephysicaltypeof content,e.g.text block,text line,word,etc.,
and

U
is theareaenclosedby boundaryof thepolygon.Theboundaryof a polygonis

givenasasequenceof line segmentsconnectingthesuccessiveverticesof thepolygon.
Theverticesaregivenasaclockwiseorderedlist of points.

Weusewhite-pixelsto representbackgroundpixelsandblack-pixelsfor foreground
pixels. In our backgroundanalysis,both foregroundandbackgroundarerepresented
by polygonalareas.Noting that, for thepurposeof zoneclassification,theforeground
polygonalareasare connectedcomponentsand their boundingboxesand the back-
groundpolygonalareasareblankblocksandtheir boundingboxes.

Definition H : Let Y representa zonewith Z rows and [ columns.Let
6D\^]_T
`P] 8 bethe

coordinateof its lefttop vertex.Ya<cb 6Dd_TVe 8 EgfIhgf : \ ] G djik\ ]ml Z T
` ] G enio` ]pl [jq
Definition r : A horizontalwhiterun s is asequenceof horizontallycontiguouswhite-

pixelswhosestartingandendingpixelsmusthaveablack-pixel or thezoneborder
asits neighbor. st< 6
6Dd�]�TVe�] 8 T�uvuwuvT�6Sd�xyTVe x 8V8
where

6Dd�zVTVe z 8 E Y ,
d�z < d�zS{ ]

,
e;z < e;zS{ ]|l H , for }~<�r T�uvuwuvTV� , andpixel

6Sd ] T�e ] 8 ,6Sd x TVe x 8 musthaveablackpixel or thezoneborderonits left andright side,respec-
tively. Similar to therun-lengthencoding,for eachrun, thelocationof thestarting
pixelof therunandits horizontallengthmustberecorded.Wecall themasRow

6 s�8 ,
Column

6 s�8 , andLength
6 s�8 .

Definition � : A horizontal blank block ��� is a sequenceof horizontalwhite runs
on contiguousrows, whosestartingpoint columncoordinatesandlengthsarethe
same. ����< 6 s ] T;uwuwuvT s x 8
whereRow

6 s z 8�< Row
6 s zD{ ] 8 l H , Column

6 s z 8�< Column
6 s zS{ ] 8 , Length

6 s z 8�<
Length

6 s zS{ ] 8 , for }p<�r T;uwuvuwT
� .
Clearly, thesameideacanbeappliedto defineverticalwhiterun andverticalwhite
blankblock. Thedifferencewill bethatweuseverticallycontiguouspixelsto define
verticalwhite runandverticalrunson contiguouscolumnsfor verticalwhiteblank
block.

Definition � : A horizontalblankblock ����<c� � h � � , with lefttop vertex coordinate6S\^��]�T
`P��] 8 , is a large horizontalblankblock if andonly if it satisfiesthefollowing
conditions:

– its row numbersandcolumnnumbersarelargeenoughcomparedwith thecur-
rentzone.Specifically,

������ R�]
, where

R�]
is � u H . Thisnumberwasstatistically

determinedby our experimenton anothertabledataset;



– It doesnot touchleft or right sideof thezoneboundingbox, i.e.
\���]��< \^]

and\���] l � � �< \y] l [ ;

where [ is thecolumnnumberin thezone.
Definition Q : A vertical blank block �&��<���� h �;� , with lefttop vertex coordinate6S\^��]�T
`P��] 8 , is a large vertical blank block if andonly if it satisfiesthe following

conditions:
– Its row numberandcolumnnumberarelargeenoughcomparedwith thecur-

rent zone.Specifically, �������N� and
� ��~  � R_¡

, where �N� and �F¢ arethe
medianheightandmedianwidth of text glyphsin thezone.

R ¡
is empirically

determinedas H u � ;
– It doesnot touchleft or right sideof thezoneboundingbox, i.e.

\���]��< \^]
and\���] l � � �< \y] l [ ;

where [ is thecolumnnumberin thezone.

4 Two NewFeaturesfor Zone Content Classifier

Our goal is to improve tablezoneclassificationusingour background-analysis-based
table identificationtechnique.The most distinguishedfeatureof a table zoneis the
largegapsbetweenits columns.Evenfor the tableswith rulings,we will have gapsif
we remove the rulings.On the backgroundanalysis,we canexpectto find both large
horizontalandlargeverticalblankblocksinsidethetablezones.

On theotherhand,we canalsofind many largehorizontalandlargeverticalblank
blocksin drawing/mapzones.To discriminatetablezonesanddrawing/mapzones,we
addedonemorefeature,thenumberof text glyphsin a zone.Theso-calledtext glyphs
arenot from any OCRoutput.They areoutputsof a statisticalglyph filter. The inputs
of this filter are the glyphs after finding connectedcomponentoperation.The filter
classifieseachglyph into oneof two classes:text glyph andnon-text glyph. Thefilter
usesastatisticalmethodto classifyglyphsandwasextensively trainedonUWCDROM
III documentimagedatabase.

Thenewly addedfeaturesare:

1. Thetotalareaof largehorizontalandlargeverticalblankblocks,A.

£ <¥¤¦ A�§ £ d_¨�©^6 Z�8 T
whereªo<«b�Z¬: Z�<­��� or �m� T ���,®kY and �m�¯®°Y7q .

2. Thenumberof text glyphsin this zone,N, normalizedby thezonearea.±£ d_¨�©^6 Yj8
Figure1 illustratestwo zoneexamplesshowing theoverlayedboundingboxesof large
horizontalblankblocks,largeverticalblankblocksandtext glyphs.



Togetherwith the ²³O featuresusedin Sivaramakrishnanet.al’swork [7], we havea
totalof ²�M features.Wefeedthegeneratedfeaturevectorto abinarydecisiontreeto get
thezoneclassification.

(a)

(b)

Fig.1. Illustratesthe exampleboundingboxesof large horizontalblank blocks,large
verticalblankblocks,andtext glyphs.Theso-calledtext glyphsarelabeledby a statis-
tical glyphfilter. (a)a tablezoneexample;(b) a map/drawing zoneexample.

5 DecisionTreeClassifier

A decisiontreeclassifiermakestheassignmentthrougha hierarchicaldecisionproce-
dure.Theclassificationprocesscanbedescribedby meansof a tree,in which at least



oneterminalnodeis associatedwith eachclassandnonterminalnodesrepresentvarious
collectionsof mixedclasses.

For the constructionof a decisiontree,we needa training setof featurevectors
with true classlabels.Let ´µ<0b�¶y·¸$n¹I<ºH T�»;»;»yT�± q be a unit-training set to be
usedto designa binarytreeclassifier. Eachunit ¶^· hasanassociatedmeasurement¼�·
with known trueclass.At any non-terminalnode,let ½ x

bethesetof ¾ x
classesstill

possiblefor a unit at node
�

. Let ´ x <¯b�¶ x· $¿¹X<,H T;»�»;»yT�± x q be the subsetof
± x

training units associatedwith node
�

. If the numberof units for class
e

in node
�

is
denotedby

± x� , wemusthave
± x <IÀ�Á�Â��Ã ] ± x� .

Now we describehow the decisionrule works at node
�

. Considerunit ¶ x · which
hasmeasurementvector

\ x · . If thediscriminantfunction # 6S\ x · 8 is lessthanor equalto a
threshold,then ¶ x · is assignedto class½ xÄwÅÇÆ�È , otherwiseit is assignedto class½ x� zÊÉ Ë È . An
assignmentto ½ xÄvÅÇÆ�È meansthataunit descendsto theleft child nodeandanassignment
to ½ x� zÊÉ Ë È canbeunderstoodin asimilarway. Givenadiscriminantfunction # , theunits
in ´ x

aresortedin sucha way that # 6D\ x · 8ÌG¸# 6S\ x · Í ] 8 for ¹�<aH T�»;»;»yT�± xjÎ H . Let ¢ x·
bethetrueclassesassociatedwith themeasurementvectors

\ x · . Thenasetof candidate
thresholdsÏ x

for thedecisionrulesis definedby

Ï x <ÑÐ # 6D\ x ·�Í ] 8 Î # 6S\ x · 8r :Ò¢ x·�Í ] �<¸¢ x·�Ó
For eachthresholdvalue,unit ¶ x · is classifiedby usingthedecisionrulespecifiedabove.
We countthe numberof samples

� È Ô � assignedto ½ xÄvÅÇÆ�È whosetrue classis
e

andwe
countthenumberof samples

� È ¦ � assignedto ½ x� zvÉ Ë È whosetrueclassis
e
, thatis,� È Ô � <LÕ°bÖ¶ x· :
# 6D\ x · 8=Gk× and ¢ x· < e q� È ¦ � <LÕ°bÖ¶ x· :
# 6D\ x · 8 � × and ¢ x· < e q

Let
� È Ô

bethetotalnumberof samplesassignedto ½ xÄvÅÇÆ�È and
� È ¦ bethetotalnumberof

samplesassignedto ½ x� zvÉ�Ë È , thatis,

� È Ô < Á�Â¤ ��Ã ] � È Ô � and
� È ¦ < Á�Â¤ ��Ã ] � È ¦ �

We definetheimpurity
UP5 Èx

of theassignmentmadeby node
�

to beUP5 Èx < ÁjÂ¤ ��Ã ]nØ Î � È Ô �³ÙwÚ�Û � È Ô �� È Ô Î � È ¦ �-ÙwÚ�Û � È ¦ �� È ¦XÜ
Thediscriminantthreshold× is chosensuchthat it minimizesthe impurity value

UÝ5 Èx
.

Theimpurity is suchthatit givesaminimumvaluewhenthetrainingsamplesarecom-
pletelyseparable.

The learneddiscriminantfunction splits the training subsetinto two subsetsand
generatestwo child nodes.Theprocessis repeatedat eachnewly generatedchild node
until astoppingconditionis satisfied,andthenodeis declaredasa terminalnodebased



on a majority vote.Themaximumimpurity reduction,themaximumdepthof thetree,
andminimumnumberof samplesareusedasstoppingconditions.

At thetestingstage,afeaturevectoris theinputto adecisiontree,adecisionis made
at every non-terminalnodeasto whatpaththefeaturevectorwill take.This processis
continueduntil the featurevectorreachesa terminalnodeof the tree,wherea classis
assignedto it.

6 Experiments and Results

A hold-outmethodis usedfor the error estimationin our experiment.We divide the
datasetinto

±
parts,train on thefirst

± Î H partsandthenteston the
±

th part.Then
train on theother

± Î H parts,omitting the
6D± Î H�8 th part.Continuethetrainingand

testing,eachtimeomittingonepartfrom thedecisiontreeconstructionandthentesting
on theomittedpart.Thenthecombined

±
part resultsareput togetherto estimatethe

totalerrorrate[3].
The outputof the decisiontreeis comparedwith the zonelabelsfrom the ground

truth in order to evaluatethe performanceof the algorithm. A contingency table is
computedto indicatethenumberof zonesof a particularclasslabel thatareidentified
asmembersof oneof nineclasses.Therowsof thecontingency tablerepresentthetrue
classesandthecolumnsrepresenttheassignedclasses.Thecell atrow r andcolumnc is
thenumberof zoneswhosetrueclassis r while its assignedclassis c. Wealsocompute
four rateshere:CorrectRecognitionRate(CR), Mis-recognitionRate(MR), FalseAlarm
Rate(FR), AccuracyRate(AR). Supposeweonly havetwo classes:aandb. Thepossible
true-anddetected-statecombinationis shown in Table1.

TrueClass
AssignedClass

a b
a Þàß�ß Þ ß�á
b Þ áSß Þ áâá

Table1. Possibletrue-anddetected-statecombinationfor two classes

We computethreeratesfor classaasfollows:[�ZI< 5äã ã5 ã ã l 5 ã � ¾«Z«< 5äã �5 ã ã l 5 ã � å ZL< 5 � ã5ä� ã l 5Ò���
And wecomputetheaccuraterateas:£ ZI< 5 ã;ã l 5ä�æ�5äã ã l 5äã �Öl 5 �æ�Òl 5 � ã

Weconductedazoneclassificationexperimentonasignificantsizeddataset.In our
experiment,the training andtestingdatasetwasdrawn from the scientificdocument
pagesin the Universityof WashingtondocumentimagedatabaseIII [6]. It has H T ²Ý���



scientificandtechnicaldocumentpageswith a total of r2H T �³O�O zones.Theclasslabels
for eachof the zonesareobtainedfrom the database.Thesezoneswerebelongedto
nine differentclasses:2 text classes(of font size � Î H�J pt andfont size H�M Î �Ýr pt),
math,table,halftone,map/drawing, ruling, logo andothers.

Thetwo new featuresand ²PO featuresfrom Sivaramakrishnanet.al.’swork [7] were
computedfor everyzonein thedocument.Ourhold-outmethodused

±
as � . Thesetof

featurevectorswasdividedinto r parts,onepartwith two thirdsof thevectors,usedfor
creatingthedecisiontreeandtheotherpartwith theremainingonethird of thevectors,
usedfor testingthe tree.The setof documentimageswasrandomlypartitionedinto
threeequalsizedgroups.The testwasdonethreetimeseachwith a differentthird of
thedatasetastestandtwo thirdsof thedatasetfor training.

Ourexperimentresultis shown in Table2.For atotalof r_� T H_O�O zones,theaccuracy
ratewas MPO u Q��³ç andthemedianfalsealarmratewas � u H�rÝç . For thepurposeof com-
parison,we alsoshow Sivaramakrishnan’s resultin Table3. They did their experiment
on M³O_M pageimagesin theUniversityof WashingtondocumentimagedatabaseI. For
a total of H�� T J��-H zones,theaccuracy ratewas M�² u ²POÝç andthemedianfalsealarmrate
was � u rPO�ç .

Besidesthe improvementin theaccuracy ratein the largerdataset,it is alsointer-
estingif we studytheclassifiers’performanceon eachclass.We improvedthecorrect
recognitionratesin mostof classesexceptmath,logo, andothersclassesandreduced
the falsealarmratesfor mostof classesexcepttext with font size G,H�J pt andothers
class.For the tableclass,the resultsshow that thecurrentclassificationrateremained
aboutthesamerateandthefalsealarmratewasreducedmorethan Q��Pç . It provedthe
newly addedtwo featurescanimproveglobalandtablezoneclassificationresults.

T1 T2 M T H M/D R L O CR MR
T1 21416 18 55 7 3 6 1 0 3 99.57% 0.43%
T2 16 99 3 0 5 1 2 0 1 77.95%22.05%
M 174 0 564 3 0 15 2 0 0 74.41%25.59%
T 17 0 2 151 0 37 2 0 0 72.25%27.75%
H 5 0 0 0 289 32 0 1 11 85.50%14.50%
M/D 30 0 19 17 19 632 0 0 3 87.78%12.22%
R 9 0 0 0 0 2 421 0 1 97.23% 2.77%
L 5 1 2 1 2 1 0 1 0 7.69% 92.31%
O 11 0 0 0 32 21 0 0 6 8.57% 91.43%
FR 10.01%0.08%0.35%0.12%0.26%0.49%0.03%0.00%0.08%

Table 2. Contingency tableshowing thenumberof zonesof a particularclassthatareassigned
asmembersof eachpossiblezoneclassin UWCDROM III. In thetable, èyé , èàê , ë , è , ì , ë1í ,î

, ï , ð representtext with font size ñ1��� pt., text with font size ò1��� pt., math,table,halftone,
map/drawing zone,ruling, logo,others,respectively.



T1 T2 M T H M/D R L O CR MR
T1 11974 29 54 14 7 16 11 4 1 98.88% 1.12%
T2 16 71 2 0 2 6 1 4 3 67.62%32.38%
M 65 0 427 2 0 16 1 1 0 83.40%16.60%
T 16 0 2 95 2 17 0 0 2 70.90%29.10%
H 1 1 0 0 122 28 0 2 2 78.21%21.79%

M/D 17 2 15 27 22 387 0 1 2 81.82%18.18%
R 14 1 4 0 0 0 288 7 0 91.72% 8.28%
L 3 1 1 1 1 1 0 5 0 38.46%61.54%
O 5 0 0 1 3 3 0 0 2 14.29%85.71%
FR 7.96%0.25%0.59%0.33%0.27%0.65%0.10%0.14%0.07%

Table 3. Contingency tableshowing thenumberof zonesof a particularclassthatareassigned
asmembersof eachpossiblezoneclassreportedin Sivaramakrishnanet.al [7]. In thetable, è é ,èàê , ë , è , ì , ë1í ,

î
, ï , ð representtext with font size ñ���� pt., text with font size òo��� pt.,

math,table,halftone,map/drawing zone,ruling, logo,others,respectively

7 Conclusionand Future Work

Given thesegmenteddocumentzones,correctlydeterminingthezonecontentclassis
very importantfor thefurtherprocesses.We improvedonezoneclassificationmethod
by addingtwo new featuresandconductedthe experimenton a larger dataset.Our
zoneclassificationmethodcanclassifyeachgiven zoneinto oneof the nine classes,r text classes(of font size � Î H�J pt andfont size H�M Î �Pr pt), math,table,halftone,
map/drawing, ruling, logo, and others.We raisedthe accuraterate to M³O u Q��³ç fromM�² u ²POÝç andreducedthemedianfalsealarmrateto � u H�rÝç from � u rÝOÝç .

Ourfuturework will includeimprovingmathzoneclassificationresult,studyingour
zoneclassifierperformanceonaevenlargerimagedatasetanddevelopinganautomatic
zonesegmentationmethodto producetheinput to theclassifier.
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