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Abstract

In this paperwe presenta systento locate extract and
recaynizeTelugutext. Thecircular nature of Teluguscript
is exploited for sggmentingtext regions using the Hough
Transform First, the Hough Transformfor circlesis per
formedon the Sobelgradient magnitude of the image to
locatetext. Thelocatedcirclesare lled to yield text re-
gions, followed by Recursie XY Cutsto segmentthe re-
gionsinto paragraphs,lines and word regions. A region
meiging processwith a bottom-upapproach ervelopesndi-
vidual words. Local binarizationof the word MBRsyields
connectedcomponentontaining glyphsfor recanition.
Therecanition processr stidenti es candidatecharacters
by a zoningtechniqueand then constructsstructural fea-
turevectos by cavity analysis.Finally, if required,crossing
countbasednon-linear normalizationand scalingis per
formedbefore templatematding. The segmentationpro-
cesssucceeddn extracting text from imageswith comple
Non-Manhattarlayouts. The recanition processgave a
characterrecanition accutacy of 97%-98%.

1 Intr oduction

Text isolation and extraction from varied backgrounds
is a dif cult problemwhereregional propertiesof text and
non-text regionsareusedto separatéhem. Previously Negi
et al. [4] presentedh templatematchingbasedOCR sys-
temfor Teluguusingfringe distancesvherethedif culties
of recognitionof Teluguscriptwereintroduced.However,
they did notaddres€omplex layoutanalysiswhich occurs
in local magazineandnewspapersHence thereis a need
to developa completeOCR systento addresshis concern.
In this paper we presenta novel approachexploiting the
circularnatureof Teluguscriptto locateandextract Telugu
scriptin adocumenimage.We alsopresenta differentap-
proachto recognizethe isolatedTelugutext, usingzoning
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andstructuralfeaturevectors. We de ne cavitiesasa new
setof structuralfeaturesfor recognition,which are com-
monly seenin Teluguorthography

Thetext sgmentatiorsystemusesthefactthatreadable
text hasa reasonableontrastwith the background.Here
we usethe gradientmagnitudeof the imageto extractar
easof high contrast. The circular natureof Telugu text
allows its isolation using the Hough Transform[] on the
Sobelgradientmagnitude[] of the imageandleadsto the
identi cation of text regions.Oneof thedif cult aspectof
segmentingTeluguscriptis thatof meging connectedom-
ponentsof the half consonantsyatthus(seeNegi et al for
introductionto Teluguorthogoraphy)with their respectie
characters.The presentapproachyields good groupingof
text componentsnto words. Theisolatedword regionsare
binarizedby the techniqueproposedy Wu etal.[5].

Templatematchingas proposedoy Negi et al [4] hasa
recognitioncompleity linearto thetemplatesetsize,which
is largein the caseof Telugu. Instead herewe usea can-
didatesearchandeliminationtechniquebasedn statistical
andstructuralfeaturedor recognition.First, the pixel den-
sity in differentzonesis usedfor a candidatesearch.The
candidatesbtainedjf foundinconclusiveareanalyzedor
the presenceof cavities. A successfuperfectmatchcon-
cludesthe search. If not so, a controllednonlinearshape
normalizatiorstagebasedn crossingcountss usedto pro-
duceaglyphfor templatematchingwith theL , metric(Eu-
clideandistance). The recognizedglyph codeis returned
to the segmentationsystemfrom which the word can be
retuilt. An exampleimagefor the text extractionwith a
comple layoutis shavn in section6.

2 The SegmentationSystem

Theschemdor sggmentatioris depictedn gure 1. The
documentimageis the input. Theimageis analyzedin 2
phases Top-Down AnalysisandBottom-UpAnalysis. In
the Top-Daown Analysisphasethe mainregionsof interest
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Figure 1. Scheme for Segmentation

arezeroedn. Thisis followedby the Bottom-UpAnalysis
phasén which theregionsof interestaregrown soasto en-

velopecompletewordsandsplit into individual characters,

which are,alongwith theirassociatedatthuspassedo our
OCR.Eachphasecomprisesf 5 uniquestageswhich op-
erateontheresultof the previousstage In theforthcoming
sectionsyve explain eachstageof thesystenin moredetail.

3 Top Down Analysis

In the Top-Down AnalysisPhasewe try to approactthe
imageasawholeandisolatetheregionsof interest.

Gradient Magnitude: First, the gradientmagnitudeof
theimageis computedto obtaincontrastingregionsin the
image. This is becausgeadabletext usually appearswith
sufcient contrastwith the background.The gradientmag-
nitude of the imageis binarizedby applying a threshold,
dependingon the clarity of the text in the document.This
imageis passedhroughamedianlter whichisusefulin re-
moving noisewhich occursin imageswith half-tonedback-
grounds.

Hough Transform: Next, the Hough Transformfor cir-
clesis appliedonthegradientmagnitudeof theimagefrom
the previous stepto obtainthe circular gradientswvhichis a
very characteristideatureof Telugutext. Theradii of the
circlesto be detecteds generallyproportionalto the font
size. For documentscannedat 300 dpi with 10 point font,
aradii rangeof 5 to 10 wasfoundto be appropriate Each
detectectircleis lled to obtaintheregionsof interest.This

ling processalsoconnectscloselying characteravhich
arepartsof asingleword aswell ascloselying lines,which
arepartof aparagraph.

Ze-Pro le RXYC:Oncetheregionsof text have been
identi ed, anadaptatiorof the RXYC [3]approachis used.
We de ne this approachasthe Zero-Pro le RXYC. Here,
we segmentthe regions by using the horizontaland verti-
calprojectionpro les of theimageobtainedn the previous
step. We divide the region wherever a zeroprojectionpro-

le is found. This separatesll the individual paragraphs,

sincethepreviousstepjoinsary text lineswhicharein close
proximity.
Valley-Zeio RXYC:In the next stage,we use another

variationof the RXYC approachwhich we call the Valley-
Zero RXYC. Here, we segmentthe regions using RXYC
basedon projectionpro les again. Theregion is split hor
izontally if avalley is foundin the horizontalpro le. This
separateall thelinesin theparagraplinto individual lines.
However, the regionsaresplit vertically only at a zerover
tical pro le. Thiscauseshewordswithin aparagrapho be
separatedThis alsoallows usto separaténlaid paragraphs
embeddeadvithin a paragraph.

Oncethat is done, a passof the Vertical Zero-Pro le
RXYC is applied. It is similar to the Zero-Pro le RXYC
procesdescribedabove but here,the regionsare split ver
tically. The horizontalsplitting procesds not applied. The
processs appliedonthegradientmagnitudeio separatary
regionswhichmighthave beenconnectedluringthe Hough
transformstagebut form disconnectedjradients. Next, a
region cleanupprocessis performedto eliminate regions
which have extremely small or extremelylarge sizes. The
region cleanupprocesss discussedn a later section. At
this point, our Top Down Analysisis complete. Theresult-
ing regionsfoundin this phasearethediscretewordsin the
document.

4 Bottom Up Analysis

In this phasewe employ variousmethodsto grow the
detectedegionssothatthey completelyenvelopethewords
in thedocumenimage.

Word BoundingBoxes: In the rst stageof this phase,
we generatea boundingbox aroundeachregion of interest
usingthe gradientmagnitudeof theimage. This allows us
to capturethe exactboundingbox of eachword.

Binarization: Oncetheboundingboxof eachwordis ob-
tained,eachregion in the boundingbox is binarizedusing
a simplebut effective histogrambasedinarizationmethod
proposedby [5]. This word region is binarizedusing the
computedthresholdto yield a binary imageof the region
thus highlighting the text. This works well for text in re-
versevideoalso.

ConnectedComponengxtraction: The resultingbina-
rized regions are again passedthrough a Vertical Zero-
Pro le RXYC processvhich separateany unnecessargl-
ementavhichmighthave beenbroughtinto theregion. This
includeslinesin atablewhichlie in closeproximity to the
text andthusmay be envelopedwithin thetext regionsdur-
ing theTop Down Analysisphase Theresultingregionsare
againpassedhroughtheregion cleanupprocessvhichwas
appliedearlier

ConnectedComponenMerging: Now, eachwordregion
is split into its connecteccomponentsusingthe binarized
image,andtheir boundingboxesare determined.The re-
sulting connecteccomponentsre checled for closeprox-
imity vertically. Thisis doneto caterto the vatthusof the



Teluguscript,whicharecompletelydisconnectedith their
associatedharacteandoccursomeavhatlower in theline.
Eachword is scannedor connecteccomponentsn a hor-
izontal line runningthroughthe centerof the word region.
Whena connectedomponents found, theareaabove and
belor theconnecteatomponents examinedfor ary vatthu
Finally, the characteandits associatedatthusare passed
to the OCRin aspeci c order

5 RegionCleanup

Theregion cleanupprocesswhich is usedasa postpro-
cessingstagefor somemajor stagesis performedby elimi-
natingregionsof very smallor very large dimensionsThis
constrainttanbe appliedby consideringhe sizesof all re-
gionsand computingthe mean( ) and standarddeviation
( ) of theirdimensiongo arrive at a sizecriterion. Any re-
gionis eliminatedf its heightor widthis outsidethebounds
of thesizecriterion.

6 The OCR System

The OCR systememplgys a candidatesearchandelim-
inationtechnique.The systemusesboth statisticalfeatures
aswell asstructuralfeaturesfor recognition. This system
has3 differentstages. The rst stageusesthe densityof
pixelsin differentzonesfor a candidatesearch. The can-
didatesobtainedfrom this stageif foundinconclusiveare
passedo the cavity analysisstagewherethe presencend
the position of cavities are analyzed. If the searchis still
inconclusve a templatematchbasedon the L, metric is
performedprecededy controllednonlinearshapenormal-
ization basedon crossingcounts. At ary stage,if asingle
perfectcandidatematchis found, its correspondingglyph
codeis returnedandthe OCRproceedso recognizehenext

glyph.
6.1 Zoning

A 4 x 4 grid is superimposedn the input glyph. Then
the percentagef the numberof foregroundpixelsis com-
putedto obtaina 16 (4x4) dimensionafeaturevector( g-
ure 3) represente@s (iq,ip,...,iyg) correspondingo grids
from top left to bottomright in thatorder A codebookof
this zoningfeaturevectoris precomputedrom thetraining
set. The featurevectorof the input glyph is computedand
searchedor in the codebookio obtaink=5 nearesheigh-
borsbasedon Euclideandistance. After the bestk candi-
datedistancesare computedwe analyzethemto to prune
the search.Glyphswhich have a distancegreaterthan2.5
timesthe nearesneighbordistance(valuedeterminedcem-
pirically) are eliminated. The searchconcludesif only a
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Figure 2. (a) The Original Image (b) Regions
identied by the Hough Transform (c) Isolated
text connected components



Figure 3. (@) Input glyph (b) Grid superim-
posed on glyph for zoning

singlecandidatesurvivesthe pruning. This stageis invari-
antto linearscaling. Rotationalinvarianceis not soughtas
it is incompatiblewith the Teluguorthography

6.2 Cavity analysis

Cavity analysisis a structuralanalysisstage.Many Tel-
ugu characterdiave "cavities" in them. The existenceand
positionof thesecavitiesis a structurallydistinguishingea-
ture. We areencouragetb usecavitiesasthey allow greater
discriminationbetweenglyphswhich otherwisewould ap-
pearto besimilar.

Cavities aredetectedby generatinga contourof thelin-
early scaledglyph andperforminga connectedcomponent
separatioron the contourimage. This is becauseavities
getdisconnectedrom the outerboundaryin a contourim-
age. The minimum boundingbox of the cavity contour
shouldhave an areabetweenthresholdlow andthreshold
high of thetotal glyph area elseit is discardedhsbeingtoo
small or too large ( gure 4(b)). To determinethe position
of the cavity we divide the total glyph areainto 9 overlap-
ping quadrantsThesearenumberedsequentiallyfrom 0 to
8 (gure 4(a)). Theexistenceof a cavity in thesequadrants
is shavn by aboolearnvaluegeneratinga 9 bit vector, since
morethanonecavity in aquadranis not possible.

For ary input glyph, its bit vectoris matchedagainsthe
pre-computedbit vectorsof the prunedcandidatesbtained
from thepreviousstage If thereexistsonly onematchthen
thesearctconclude®lsetheresultsarepasseantothenext
stage Whenno exactmatchesarefound (whichis possible
if theinputimageis of poorquality or hasbreaks)a match
with arelaxed conditionis performed.In the relaxed con-
dition a bit vectorsuchas, (01110000 0) is considered
as(x 111 xxxxx)where“x” is adon't carecondition.
This is searchingor the merepresencef a cavity andits
absencds beingignored.Undervery rarecircumstancesf

Figure 4. (a) Placement of overlapping quad-
rants in a glyph (b) Contour image and its
cavity vector

sucha relaxed matchalsofails, we passthe prunedcandi-
datesrom the zoningstageto the nal stage.

6.3 TemplateMatching

The nal stageof theOCRis atemplatematchingstage.
This stagehastwo stepsinternally First is the nonlinear
normalizatiorstagevhereimagescalingis performed.This
enhancethefavorablefeaturef theinputimage.We usea
modi cation to the crossingcountbasedechniqueor nor-
malizationasproposedy LeeandPark[2].

Nonlinearity Contml in Nonlinear ShapeNormaliza-
tion: Following the notationin [2] we normalizethe in-
put image to produce which is of a de-
sired output size (64 x 64 pixels) using the projection of
the crossingcountstatistic. We usethe formulae

to calculatethe horizontal

crossingcountand
to calculatethe vertical crossingcount. Here

and p and \, areconstantsvhich affectthe
linearity of the statisticaldata.

Lee andPark useequalvaluesof p and y; to control
nonlinearitywhenit becomegoo strong. Their suggestion
failedto produceproperresultsfor the Teluguorthography
Thesolutionisto nd differentvaluesfor | and y, which
arecalculateddynamicallybasedntheinputimagedata.

In orderto obtainfavorablevaluesfor | and , we
rst calculatethe standarddeviation( ) andmean( ) of the

and dataassuming 4= = 0. Theratio of
standarddeviationto meanis usedasa measuref linearity.
An upperlimit is x edfor this ratio, representetty . The
H and y, valuesare calculatedbasedon this maximum
allowablenonlinearityvalue( ).



Figure 5. (a) Linear scaling (b) Nonlinear scal-
ing (c) Nonlinear scaling =0.04 (d) Nonlinear
scaling =0.06

Thevaluesof | and y, arethusobtainedoy calculat-

ing the( and( ) of and . Thesevaluesare
addedto the existing and data. The input im-
age is thenre-sampledasedon the and

statisticsto obtainthe outputimage . Re-sampling
is performedusing the sameformula as proposedby Lee
andPark.

The value of parameter is critical. This value should
be choservery carefullybasedon experimentalevaluation.
It hasadirecteffectontheperformancef the OCR system
(gure 5). We have chosento usethevalue =0.06asthis
gavethebestoverall result.

The scaledinput (64x64) is nov matchedagainstthe
templategnormalizedsimilarly) of the prunedresults(typ-
ically lessthan4) passedy the cavity analysisstage.

6.4 Mink owski (L ») Distance Template Matching

We usethe well known L (Euclidean)distanceto mea-
suresimilarity betweertemplatesandthe input glyph. We
call a forward distanceasthe sum of distancegrom each
foregroundpixel of the scaledinput imageto the neaest
foregroundpixel in thetemplate Similarly a badkward dis-
tanceis computedin the sameway exceptits computed
from the templateto the input glyph. The summationof
theforwardL 5 distanceandbackwardL , distances taken
asthe nal comparisommetric, leastbeingthe bestmatch.
Thetemplatematchingstagds usedonly whentheprevious
stagesareinconclusve. Experimentallyit is obsened that
very few input glyphsreachthis stage mostarerecognized
in the previousstages.

7 Resultsand Future Work

The segmentationprocesswas found to be tolerantto
skew of about5 degrees. This canbe attributedto the Re-
cursive XY CutsbasedhpproachAlso, it wasfoundto suc-
ceedin sggmentingcomplex “non-Manhattadayouts”such
asthoseexamplesshawn in the Pink Panthersystem[6].
Suchcomple layoutsarecommonlyfoundin Telugumag-
azines.

The OCR gave a good accuray in the rangeof 97%-
98%. In atestsetof 1500glyphstakenfrom a magazine
(India Today, in Telugu)the OCR gave correctresultsfor
about1463glyphs.In majority of themismatcheshe OCR
hadthe correctmatchin the top 3 candidates.In another
experimentusinga differenttraining seta recognitionrate
of 94%wasobtainedon the sametestset. Thelargererrors
herewerebecausef the completechangen the structural
style of afew glyphs(like nonexistenceof afew cavities).
The OCRdesignis suchthatit facilitatesthe useof a multi
font training set. A moreextensie analysisof the OCRIis
beingperformedo further ne tuneall the parameters.

The true challengefor the TeluguOCR would be for it
to work in a multi-font environment. In Telugu orthogra-
phy, the stylessuffer alargevariationin normaltypesetting,
further decoratve fonts exhibit a very large variation. Fu-
ture systemscan be trainedto keepthis in view. Layout
restoratioris oneof theextensionghatis beingplannedor
thefuture. Herewe would lik e to point out thatpictureand
photographiémageregionsarebeingignoredin the present
system. In future thesecould be identi ed and processed

separately
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