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Abstract. This paperpresentsanimproved zonecontentclassificatiormethod.
Motivatedby our novel background-analysis-bastableidentificationresearch,
we addedtwo new featuresto the featurevectorfrom one previously published
method[7]. The new featuresarethetotal areaof large horizontalandlarge ver-
tical blank blocksandthe numberof text glyphsin the zone.A binary decision
treeis usedto assigna zoneclasson the basisof its featurevector The train-
ing andtestingdatasetsfor the algorithmincludel, 600 imagesdravn from the
UWCDROM-III documenimagedatabaseTheclassifieris ableto classifyeach
given scientificandtechnicaldocumentzoneinto oneof the nine classes2 text
classeqof font size4 — 18pt andfont size 19 — 32 pt), math, table, halftone,
map/draving, ruling, logo, andothers.Theimproved zoneclassificatiormethod
raisedthe accurag rateto 97.53% from 96.67% andreducedthe medianfalse
alarmrateto 0.12% from 0.27%.

1 Problem Statement

Let A be a setof zoneentities.Let £ be a setof contentlabels,suchastext, table,
math, etc. The function f : A — £ associategachelementof A with a label. The
functionV : A — A specifiesmeasurementsiadeon eachelementof A, whereA is
themeasuremergpace.

Thezonecontentclassificatiorproblemcanbeformulatedasfollows: Givena zone
set.A anda contentlabel setZ, find a classificationfunctionf : 4 — £, thathasthe
maximunprobability:

P(f(A)IV(A) 1)

In our currentapproachwe assumeconditionalindependencéetweenthe zone
classificationssothe probabilityin Equationl maybedecomposeds

P(f(A)IV(A) = [T PU@IV() 2
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The problemcanbe solved by maximizingeachindividual probability P(f (7)|V (1))
in Equation2, wherer € A.

In ourzonecontentlassificatiorexperimenttheelementsn setA arezonegroundtruth
entitiesfrom UWCDROM Il documenimagedatabas¢6]. The elementof setL are
text with font size< 18pt, text with font size> 19pt, math,table halftone map/draving,
ruling, logo,andothers.V (7) is afeaturevectorgeneratedor r, wherer € A. We used
adecisiontreeclassifierto computethe probabilityin Equation2 andmake the assign-
ment.

2 RelatedWork and Paper Organization

A completedocumentmageunderstandingystencantransformpaperdocumentsnto
a hierarchicafrepresentationf their structureandcontent.The transformeddocument
representatiorenablesdocumentinterchangegditing, browsing, indexing, filing and
retrieval. The zoneclassificationtechniqueplaysthe key role in the succes®f sucha
documentunderstandingystem.Not only is it usefulfor successie applicationssuch
as OCR, table understandingetc, but it canbe usedto assistand validatedocument
segmentation.

In theliterature,Sivaramakrishnaet. al [7] extractedfeaturesor eachzonesuchas
run lengthmeanandvariance spatialmeanandvariance fraction of the total number
of black pixelsin the zone,and the zone width ratio for eachzone.They usedthe
decisiontreeclassifierto assigna zoneclasson the basisof its featurevector They did
their experimenton 979 documenimagesfrom UWCDROM | imagedatabaseliang
et. al [5] developeda featurebasedzone classifierusing only the knowledge of the
widths andthe heightsof the connecteccomponentsvithin a givenzone.Le et. al [4]
proposedinautomatedabelingof zonedrom scannedmageswith labelssuchastitles,
authors,affiliations and abstractsThe labeling is basedon featurescalculatedfrom
optical characterecognition(OCR)output, neuralnetwork models,machinelearning
methodsanda setof rulesthatis derivedfrom ananalysisof the pagelayoutfor each
journalandfrom generictypesettingknowledgefor Englishtext.

We developedanovel background-analysis-bastableidentificationtechniqueWe
repeatedSivaramakrishnaet. al’'swork [7] onalargerdatabasavith agoalto improve
its performancen tablezoneclassification Although somebackgroundanalysistech-
niguescanbefoundin theliterature([1],[2]),noneof them,to our knowledge hasbeen
usedin the tableidentificationproblem.We addedtwo new featuresthe total areaof
large horizontaland vertical blank blocks and the numberof text glyphsin the given
zoneto theoriginalfeaturevector We improvedtheaccurag rateandreducedhefalse
alarmratesfor mostof thenineclasses.

Therestof this paperis dividedinto 5 sectionssection3 givesthe definitionsof
large horizontalandlarge vertical blank blocks. The two new featuresaredescribedn
section4. A brief introductionto the decisiontree classifieris givenin section5. The
experimentalresultsarereportedin section6. Our conclusionand statemenbf future
work arediscussedn section?.



3 SomeDefinitions

A polygonalareaon a documenpageis givenby a pair (6, I), wheref € © specifies
thelabelthatdesignatethephysicaltypeof contente.g.text block, text line, word, etc.,
and! is the areaenclosedy boundaryof the polygon.The boundaryof a polygonis
givenasasequencef line sggmentsconnectinghe successie verticesof the polygon.
Theverticesaregivenasa clockwiseorderedist of points.

We usewhite-pixelsto represenbackgroundgixelsandblack-pixelsfor foreground
pixels. In our backgroundanalysis,both foregroundand backgroundare represented
by polygonalareasNoting that, for the purposeof zoneclassificationthe foreground
polygonal areasare connectedcomponentsand their boundingboxes and the back-
groundpolygonalareasareblankblocksandtheir boundingboxes.

Definition 1: Let Z represent zonewith R rows andC columns.Let (z1,y:) bethe
coordinateof its lefttop vertex.

Z={(r,c)€ZxZlzy <r<z +Ry1<c<y +C}

Definition 2: A horizontalwhiterun p is a sequencef horizontallycontiguouswhite-

pixelswhosestartingandendingpixels musthave a black-pixel or the zoneborder
asits neighbor

p= ((rlacl)a seey (Tnacn))

where(r;,¢;) € Z,1; = ri-1, ¢; = ¢i—1 + 1, fori = 2,...,n, andpixel (r1, ¢1),
(rn, cn) musthave ablackpixel or thezoneborderonits left andright side,respec-
tively. Similar to the run-lengthencodingfor eachrun, thelocationof the starting
pixel of therunandits horizontallengthmustberecordedWe call themasRow(p),
Column(p), andLength(p).

Definition 3: A horizontal blank block HR is a sequencef horizontalwhite runs

on contiguousrows, whosestartingpoint columncoordinatesand lengthsarethe
same.

HR = (p1,-,Pn)

whereRow(p;) = Row(p;_1) + 1, Column(p;) = Column(p;_1), Length(p;) =
Length(p;—1), fori =2,...,n.

Clearly, thesamedeacanbeappliedto definevertical whiterun andvertical white
blankblodk. Thedifferencewill bethatwe usevertically contiguougixelsto define
verticalwhite run andverticalrunson contiguouscolumnsfor verticalwhite blank
block.

Definition 4: A horizontalblankblock HR = b, x b, with lefttop vertex coordinate
(zp1,yp1), is alarge horizontalblankblodk if andonly if it satisfiesthe following
conditions:

— its row numbersandcolumnnumbersarelargeenoughcomparedvith the cur-

rentzone.Specifically % > 61, where#, is 0.1. This numberwasstatistically
determinedby our experimenton anothertabledataset;



— It doesnottouchleft or right sideof thezoneboundingbox, i.e. 231 # 1 and
Tp1 +be # 71 + C;

whereC is thecolumnnumberin thezone.

Definition 5: A vertical blank block VR = b, x b., with lefttop vertex coordinate
(zp1,yp1), is alarge vertical blank block if andonly if it satisfiesthe following
conditions:

— Its row numberandcolumnnumberarelarge enoughcomparedwith the cur-
rentzone.Specifically b, > mh and -2~ > 6,, wheremh andmw arethe
medianheightand medianwidth of text glyphsin the zone.fd, is empirically
determinedhsl.4;

— It doesnottouchleft or right sideof thezoneboundingbox, i.e. zp; # z1 and
zp1 +be # 11 + C,

where(C is the columnnumberin thezone.

4 Two New Featuresfor Zone Content Classifier

Our goalis to improve table zoneclassificationusing our background-analysis-based
table identificationtechnique.The most distinguishedfeatureof a table zoneis the
large gapsbetweenits columns.Evenfor the tableswith rulings, we will have gapsif
we remove the rulings. On the backgroundanalysis,we canexpectto find both large
horizontalandlargeverticalblank blocksinsidethetablezones.

Onthe otherhand,we canalsofind mary large horizontalandlarge vertical blank
blocksin drawing/mapzones.To discriminatetablezonesanddraving/mapzoneswe
addedonemorefeature the numberof text glyphsin azone.The so-calledtext glyphs
arenotfrom any OCR output. They areoutputsof a statisticalglyph filter. The inputs
of this filter are the glyphs after finding connectedcomponentoperation.The filter
classifieseachglyph into oneof two classestext glyph andnon-tet glyph. Thefilter
usesastatisticalmethodto classifyglyphsandwasextensvely trainedon UWCDROM
Il documenimagedatabase.

Thenewly addedfeaturesare:

1. Thetotal areaof large horizontalandlarge verticalblankblocks,A.

A= Z Area(R),

ReB

whereB = {R|R=HR orVR,HR C Z andVR C Z}.
2. Thenumberof text glyphsin this zone,N, normalizedby the zonearea.

N
Area(Z2)

Figurel illustratestwo zoneexamplesshaving the overlayedboundingboxesof large
horizontalblank blocks,large vertical blankblocksandtext glyphs.



Togethemwith the67 featuresusedin Sivaramakrishnaet. al’'swork [7], we have a
total of 69 featuresWe feedthe generatedeaturevectorto abinarydecisiontreeto get
thezoneclassification.
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Fig. 1. lllustratesthe exampleboundingboxesof large horizontalblank blocks, large
verticalblankblocks,andtext glyphs.The so-calledtext glyphsarelabeledby a statis-
tical glyphfilter. (a) atablezoneexample;(b) amap/draving zoneexample.

5 DecisionTreeClassifier

A decisiontreeclassifiermakesthe assignmenthrougha hierarchicaldecisionproce-
dure.The classificationprocesanbe describedby meansof a tree,in which at least



oneterminalnodeis associatedvith eachclassandnonterminahodesepresentarious
collectionsof mixedclasses.

For the constructionof a decisiontree, we needa training setof featurevectors
with true classlabels.Let U = {u; : kK = 1,---, N} be a unit-training setto be
usedto designa binarytreeclassifier Eachunit u; hasanassociatedneasuremenk’,
with known true class.At any non-terminanode,let 2™ bethe setof M™ classestill
possiblefor aunit atnoden. LetU™ = {u} : k = 1,--- , N"} bethe subsetof N"
training units associatedvith noden. If the numberof units for classc in noden is
denotedby N, we musthave N = Zi‘g NP,

Now we describehow the decisionrule works at noden. Considerunit u} which
hasmeasurementectorz}. If thediscriminantfunction f(z}) is lessthanor equalto a
thresholdthenuy; is assignedo class(2, ;,, otherwiseit is assignedo class(2y; ;. An

assignmento (27 ., meanghata unit descendso theleft child nodeandanasg?élr?lment
to (27, canbeunderstoodn asimilarway. Givenadiscriminantfunction f, theunits
in U™ aresortedin suchawaythat f (z}) < f(z}, ) fork=1,--- ,N" — 1. Letwy
bethetrueclassesssociateavith the measurementectorse}. Thena setof candidate

thresholdsl'™ for the decisionrulesis definedby

o (LS |y )

For eachthresholdvalue,unitu}, is classifiedoy usingthedecisionrule specifiecabove.
We countthe numberof samplesn . assignedo (2} ;, whosetrue classis ¢ andwe
countthenumberof samples,,. assignedo 27, whosetrueclassis ¢, thatis,

nie = #{ui| f(at) <t and wi = c}

nge = #{ug | f(z}) >t and wif = c}

Letn}, bethetotalnumberof samplesassignedo (2} ;, andnj, bethetotal numberof

samplesassignedo (27, ,,, thatis,

M” M”
nh = E nh, and nb = E nk,
c=1 c=1

We definetheimpurity I P! of the assignmentnadeby noden to be

- n, n

t i c t c
1P, = E (—nLclog +- —npg.log —5 )
c=1 nL nR

Thediscriminantthresholdt is chosensuchthatit minimizesthe impurity value I Pt.
Theimpurity is suchthatit givesa minimumvaluewhenthetrainingsamplesarecom-
pletelyseparable.

The learneddiscriminantfunction splits the training subsetinto two subsetsand
generateswo child nodes.The processs repeatedat eachnewly generatedhild node
until astoppingconditionis satisfied andthe nodeis declaredasaterminalnodebased



on a majority vote. The maximumimpurity reduction the maximumdepthof thetree,
andminimumnumberof samplesareusedasstoppingconditions.

At thetestingstage afeaturevectoris theinputto adecisiontree,adecisionis made
atevery non-terminainodeasto whatpaththe featurevectorwill take. This processs
continueduntil the featurevectorreachesa terminalnodeof the tree,wherea classis
assignedo it.

6 Experimentsand Results

A hold-outmethodis usedfor the error estimationin our experiment.We divide the
datasetinto NV parts,train onthefirst N — 1 partsandthenteston the Nth part. Then
trainontheother N — 1 parts,omitting the (V. — 1)th part. Continuethe trainingand
testing,eachtime omitting onepartfrom thedecisiontreeconstructiorandthentesting
onthe omittedpart. Thenthe combinedN partresultsare puttogetherto estimatethe
total errorrate[3].

The outputof the decisiontreeis comparedwith the zonelabelsfrom the ground
truth in orderto evaluatethe performanceof the algorithm. A contingeng table is
computedo indicatethe numberof zonesof a particularclasslabelthatareidentified
asmemberof oneof nineclassesTherows of the contingeng tablerepresenthetrue
classeandthecolumnsrepresentheassignedlassesThecell atrow r andcolumncis
thenumberof zoneswhosetrueclassis r while its assignedlassis c. We alsocompute
four rateshere:CorrectReca@nition Rate(CR)Mis-recanition Rate(MR) FalseAlarm
Rate(FR)AccutacyRate(AR)Supposeve only have two classesaandb. Thepossible
true-anddetected-stateombinationis shovn in Tablel.

AssignedClass
a b

a Paa, Pab

b Poo| Py

TrueClass

Table 1. Possiblerue-anddetected-stateombinationfor two classes

We computethreeratesfor classaasfollows:

P, Py B,
CR= —"% MR=—"-% FR=—""%
Paa+Pab Paa"'Pab Pba,"'Pbb
And we computetheaccurataateas:
Paa + Pbb

AR =
Paa+Pab+Pbb+Pba
We conducteda zoneclassificatiorexperimentonasignificantsizeddataset.In our
experiment,the training and testingdatasetwas dravn from the scientificdocument
pagesin the University of Washingtondocumentimagedatabaséll [6]. It has1, 600



scientificandtechnicaldocumenipageswith atotal of 21,477 zones.The classlabels
for eachof the zonesare obtainedfrom the databaseThesezoneswere belongedto
nine differentclasses?2 text classegof font size4 — 18pt andfont size 19 — 32pt),
math,table,halftone,map/draving, ruling, logo andothers.

Thetwo new featuresand67 featuredrom Sivaramakrishnaet.al’swork [7] were
computedor every zonein thedocumentOur hold-outmethodusedNV as3. Thesetof
featurevectorswasdividedinto 2 parts,onepartwith two thirdsof thevectors usedfor
creatingthe decisiontreeandthe otherpartwith theremainingonethird of thevectors,
usedfor testingthe tree. The setof documentimageswas randomlypartitionedinto
threeequalsizedgroups.The testwasdonethreetimeseachwith a differentthird of
thedatasetastestandtwo thirds of thedatasetfor training.

Ourexperimentresultis shovn in Table2. For atotal of 24, 177 zonestheaccuray
ratewas97.53% andthe medianfalsealarmratewas0.12%. For the purposeof com-
parisonwe alsoshov Sivaramakrishnas'resultin Table3. They did their experiment
on 979 pageimagesin the University of Washingtondocumenimagedatabase. For
atotal of 13,831 zonestheaccurag ratewas96.67% andthe medianfalsealarmrate
was0.27%.

Besidegheimprovementin the accurag ratein the largerdataset,it is alsointer
estingif we studythe classifiers’performanceon eachclass.We improvedthe correct
recognitionratesin mostof classesxceptmath,logo, andothersclassesandreduced
the falsealarmratesfor mostof classesxcepttext with font size < 18pt and others
class.For the tableclass,the resultsshov thatthe currentclassificatiorrateremained
aboutthe samerateandthefalsealarmratewasreducednorethan50%. It provedthe
newly addedwo featurescanimprove globalandtablezoneclassificatiorresults.

T1 T2 M T H |[MD| R L (0] 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%22.059
M 174 0 564 | 3 0 15 2 0 0 |74.419%25.599
T 17 0 2 151 O 37 2 0 0 |(72.259%27.759
H 5 0 0 0 289 | 32 0 1 11 |85.50%14.509
M/D| 30 0 19 17 19 | 632 O 0 3 |87.78%12.229
R 9 0 0 0 0 2 421 O 1 |97.23% 2.77%
L 5 1 2 1 2 1 0 1 0 |7.69%92.319
(0] 11 0 0 0 32 21 0 0 6 |8.57%(91.439
FR |10.01940.08940.35940.12940.26%40.49%40.03%40.00940.08%

Table 2. Contingeng table shaving the numberof zonesof a particularclassthatareassigned
asmemberof eachpossiblezoneclassin UWCDROM lll. In thetable, Ty, T>, M, T, H, M D,
R, L, O representext with font size< 18pt., text with font size > 19pt., math,table,halftone,
map/draving zone,ruling, logo, others respectiely.



T1 | T2 M T H |[MD| 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 [67.629%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 |1 387 | O 1 2 181.829%418.18%
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 |7.96940.259%40.59%40.33%40.27%40.65%0.10%40.14940.07%

Table 3. Contingeng table shaving the numberof zonesof a particularclassthatareassigned
asmemberf eachpossiblezoneclassreportedn Sivaramakrishnaet. al [7]. In thetable, T,
T,, M, T, H, MD, R, L, O representext with font size< 18pt., text with font size> 19pt.,
math,table,halftone,map/draving zone ruling, logo, others respectiely

7 Conclusionand Futur e Work

Giventhe sggmenteddocumentzones correctlydeterminingthe zonecontentclassis
very importantfor the further processesiVe improved onezoneclassificationrmethod
by addingtwo new featuresand conductedthe experimenton a larger dataset. Our
zoneclassificationmethodcan classify eachgiven zoneinto one of the nine classes,
2 text classeqof font size4 — 18pt andfont size 19 — 32 pt), math, table, halftone,
map/draving, ruling, logo, and others.We raisedthe accuraterate to 97.53% from
96.67% andreducedhe medianfalsealarmrateto 0.12% from 0.27%.
Ourfuturework will includeimproving mathzoneclassificatiorresult,studyingour
zoneclassifiemperformanc®naevenlargerimagedatasetanddevelopinganautomatic
zonesggmentatiormethodto producetheinput to the classifier
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