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Abstract

In this paperwepresenta systemto locate, extract and
recognizeTelugutext. Thecircular nature of Teluguscript
is exploited for segmentingtext regions using the Hough
Transform. First, the HoughTransformfor circles is per-
formedon the Sobelgradient magnitudeof the image to
locate text. The locatedcircles are �lled to yield text re-
gions, followedby Recursive XY Cuts to segmentthe re-
gions into paragraphs,lines and word regions. A region
mergingprocesswith a bottom-upapproach envelopesindi-
vidual words. Local binarizationof theword MBRsyields
connectedcomponentscontainingglyphsfor recognition.
Therecognitionprocess�r st identi�escandidatecharacters
by a zoningtechniqueand thenconstructsstructural fea-
turevectorsbycavity analysis.Finally, if required,crossing
count basednon-linear normalizationand scaling is per-
formedbefore templatematching. The segmentationpro-
cesssucceedsin extracting text from imageswith complex
Non-Manhattanlayouts. The recognition processgavea
characterrecognitionaccuracyof 97%-98%.

1 Intr oduction

Text isolation and extraction from varied backgrounds
is a dif�cult problemwhereregionalpropertiesof text and
non-text regionsareusedto separatethem.PreviouslyNegi
et al. [4] presenteda templatematchingbasedOCR sys-
temfor Teluguusingfringe distanceswherethedif�culties
of recognitionof Teluguscriptwereintroduced.However,
they did notaddresscomplex layoutanalysis,whichoccurs
in local magazinesandnewspapers.Hence,thereis a need
to developacompleteOCRsystemto addressthis concern.
In this paper, we presenta novel approachexploiting the
circularnatureof Teluguscriptto locateandextractTelugu
script in a documentimage.We alsopresenta differentap-
proachto recognizethe isolatedTelugutext, usingzoning

andstructuralfeaturevectors.We de�ne cavitiesasa new
set of structuralfeaturesfor recognition,which are com-
monlyseenin Teluguorthography.

Thetext segmentationsystemusesthefactthatreadable
text hasa reasonablecontrastwith the background.Here
we usethe gradientmagnitudeof the imageto extract ar-
easof high contrast. The circular natureof Telugu text
allows its isolation using the Hough Transform[1] on the
Sobelgradientmagnitude[1] of the imageandleadsto the
identi�cation of text regions.Oneof thedif�cult aspectsof
segmentingTeluguscriptis thatof mergingconnectedcom-
ponentsof the half consonants,vatthus(seeNegi et al for
introductionto Teluguorthogoraphy)with their respective
characters.The presentapproachyields goodgroupingof
text componentsinto words.Theisolatedword regionsare
binarizedby thetechniqueproposedby Wu et al.[5].

Templatematchingasproposedby Negi et al [4] hasa
recognitioncomplexity linearto thetemplatesetsize,which
is large in thecaseof Telugu. Instead,herewe usea can-
didatesearchandeliminationtechniquebasedonstatistical
andstructuralfeaturesfor recognition.First, thepixel den-
sity in differentzonesis usedfor a candidatesearch.The
candidatesobtained,if foundinconclusive, areanalyzedfor
the presenceof cavities. A successfulperfectmatchcon-
cludesthe search. If not so, a controllednonlinearshape
normalizationstagebasedoncrossingcountsis usedto pro-
duceaglyphfor templatematchingwith theL2 metric(Eu-
clideandistance). The recognizedglyph codeis returned
to the segmentationsystemfrom which the word can be
rebuilt. An exampleimagefor the text extraction with a
complex layoutis shown in section6.

2 The SegmentationSystem

Theschemefor segmentationis depictedin �gure 1. The
documentimageis the input. The imageis analyzedin 2
phases- Top-Down AnalysisandBottom-UpAnalysis. In
theTop-Down Analysisphase,themainregionsof interest
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Figure 1. Scheme for Segmentation

arezeroedin. This is followedby theBottom-UpAnalysis
phasein whichtheregionsof interestaregrown soasto en-
velopecompletewordsandsplit into individual characters,
whichare,alongwith theirassociatedvatthuspassedto our
OCR.Eachphasecomprisesof 5 uniquestages,which op-
erateon theresultof thepreviousstage.In theforthcoming
sections,weexplaineachstageof thesystemin moredetail.

3 Top Down Analysis

In theTop-Down AnalysisPhase,wetry to approachthe
imageasa wholeandisolatetheregionsof interest.

Gradient Magnitude: First, the gradientmagnitudeof
the imageis computedto obtaincontrastingregionsin the
image. This is becausereadabletext usuallyappearswith
suf�cient contrastwith thebackground.Thegradientmag-
nitude of the imageis binarizedby applying a threshold,
dependingon theclarity of the text in thedocument.This
imageis passedthroughamedian�lter whichisusefulin re-
moving noisewhichoccursin imageswith half-tonedback-
grounds.

HoughTransform: Next, the HoughTransformfor cir-
clesis appliedon thegradientmagnitudeof theimagefrom
thepreviousstepto obtainthecirculargradientswhich is a
very characteristicfeatureof Telugutext. The radii of the
circles to be detectedis generallyproportionalto the font
size.For documentsscannedat 300dpi with 10 point font,
a radii rangeof 5 to 10 wasfoundto beappropriate.Each
detectedcircleis �lled to obtaintheregionsof interest.This
�lling processalso connectscloselying characterswhich
arepartsof asinglewordaswell ascloselying lines,which
arepartof a paragraph.

Zero-Pro�le RXYC:Oncethe regionsof text have been
identi�ed, anadaptationof theRXYC [3]approachis used.
We de�ne this approachasthe Zero-Pro�le RXYC. Here,
we segmentthe regionsby usingthe horizontalandverti-
calprojectionpro�les of theimageobtainedin theprevious
step.We divide theregion wherever a zeroprojectionpro-
�le is found. This separatesall the individual paragraphs,
sincethepreviousstepjoinsany text lineswhicharein close
proximity.

Valley-Zero RXYC: In the next stage,we use another

variationof theRXYC approachwhich we call theValley-
Zero RXYC. Here, we segmentthe regionsusing RXYC
basedon projectionpro�les again.Theregion is split hor-
izontally if a valley is found in thehorizontalpro�le. This
separatesall thelinesin theparagraphinto individual lines.
However, theregionsaresplit vertically only at a zerover-
tical pro�le. Thiscausesthewordswithin aparagraphto be
separated.This alsoallowsusto separateinlaid paragraphs
embeddedwithin aparagraph.

Once that is done, a passof the Vertical Zero-Pro�le
RXYC is applied. It is similar to the Zero-Pro�le RXYC
processdescribedabove but here,the regionsaresplit ver-
tically. Thehorizontalsplitting processis not applied.The
processis appliedonthegradientmagnitudeto separateany
regionswhichmighthavebeenconnectedduringtheHough
transformstagebut form disconnectedgradients. Next, a
region cleanupprocessis performedto eliminateregions
which have extremelysmall or extremelylargesizes. The
region cleanupprocessis discussedin a later section. At
this point,our Top Down Analysisis complete.Theresult-
ing regionsfoundin thisphasearethediscretewordsin the
document.

4 Bottom Up Analysis

In this phase,we employ variousmethodsto grow the
detectedregionssothatthey completelyenvelopethewords
in thedocumentimage.

Word BoundingBoxes: In the �rst stageof this phase,
we generatea boundingbox aroundeachregion of interest
usingthegradientmagnitudeof the image.This allows us
to capturetheexactboundingboxof eachword.

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

ConnectedComponentExtraction: The resultingbina-
rized regions are again passedthrough a Vertical Zero-
Pro�le RXYC processwhichseparatesany unnecessaryel-
ementswhichmighthavebeenbroughtinto theregion. This
includeslines in a tablewhich lie in closeproximity to the
text andthusmaybeenvelopedwithin thetext regionsdur-
ing theTopDown Analysisphase.Theresultingregionsare
againpassedthroughtheregioncleanupprocesswhichwas
appliedearlier.

ConnectedComponentMerging: Now, eachwordregion
is split into its connectedcomponents,usingthe binarized
image,andtheir boundingboxesaredetermined.The re-
sulting connectedcomponentsarechecked for closeprox-
imity vertically. This is doneto caterto the vatthusof the



Teluguscript,whicharecompletelydisconnectedwith their
associatedcharacterandoccursomewhat lower in the line.
Eachword is scannedfor connectedcomponentsin a hor-
izontal line runningthroughthecenterof theword region.
Whena connectedcomponentis found,theareaaboveand
below theconnectedcomponentis examinedfor any vatthu.
Finally, thecharacterandits associatedvatthusarepassed
to theOCRin a speci�c order.

5 RegionCleanup

Theregioncleanupprocess,which is usedasa postpro-
cessingstagefor somemajorstages,is performedby elimi-
natingregionsof verysmallor very largedimensions.This
constraintcanbeappliedby consideringthesizesof all re-
gionsandcomputingthe mean( � ) andstandarddeviation
( � ) of their dimensionsto arrive at a sizecriterion. Any re-
gionis eliminatedif its heightor width is outsidethebounds
of thesizecriterion.

6 The OCR System

TheOCRsystememploys a candidatesearchandelim-
inationtechnique.Thesystemusesbothstatisticalfeatures
aswell asstructuralfeaturesfor recognition. This system
has3 differentstages.The �rst stageusesthe densityof
pixels in differentzonesfor a candidatesearch.The can-
didatesobtainedfrom this stage,if found inconclusive, are
passedto thecavity analysisstagewherethepresenceand
the positionof cavities areanalyzed. If the searchis still
inconclusive a templatematchbasedon the L2 metric is
performed,precededby controllednonlinearshapenormal-
ization basedon crossingcounts.At any stage,if a single
perfectcandidatematchis found, its correspondingglyph
codeis returnedandtheOCRproceedsto recognizethenext
glyph.

6.1 Zoning

A 4 x 4 grid is superimposedon the input glyph. Then
thepercentageof thenumberof foregroundpixels is com-
putedto obtaina 16 (4x4) dimensionalfeaturevector(�g-
ure 3) representedas (i1,i2,...,i16) correspondingto grids
from top left to bottomright in that order. A codebookof
this zoningfeaturevectoris precomputedfrom thetraining
set. The featurevectorof the input glyph is computedand
searchedfor in the codebookto obtaink=5 nearestneigh-
borsbasedon Euclideandistance.After the bestk candi-
datedistancesarecomputed,we analyzethemto to prune
thesearch.Glyphswhich have a distancegreaterthan2.5
timesthenearestneighbordistance(valuedeterminedem-
pirically) are eliminated. The searchconcludesif only a

(a)

(b)

(c)

Figure 2. (a) The Original Image (b) Regions
identi�ed by the Hough Transf orm (c) Isolated
text connected components



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

singlecandidatesurvivesthepruning. This stageis invari-
ant to linearscaling.Rotationalinvarianceis not soughtas
it is incompatiblewith theTeluguorthography.

6.2 Cavity analysis

Cavity analysisis a structuralanalysisstage.Many Tel-
ugucharactershave "cavities" in them. The existenceand
positionof thesecavities is astructurallydistinguishingfea-
ture.Weareencouragedto usecavitiesasthey allow greater
discriminationbetweenglyphswhich otherwisewould ap-
pearto besimilar.

Cavities aredetectedby generatinga contourof the lin-
earlyscaledglyph andperforminga connectedcomponent
separationon the contourimage. This is becausecavities
getdisconnectedfrom theouterboundaryin a contourim-
age. The minimum boundingbox of the cavity contour
shouldhave an areabetweenthresholdlow and threshold
highof thetotal glypharea,elseit is discardedasbeingtoo
small or too large (�gure 4(b)). To determinethe position
of thecavity we divide the total glyph areainto 9 overlap-
ping quadrants.Thesearenumberedsequentiallyfrom 0 to
8 (�gure 4(a)).Theexistenceof a cavity in thesequadrants
is shown by abooleanvaluegeneratinga 9 bit vector, since
morethanonecavity in aquadrantis notpossible.

For any input glyph, its bit vectoris matchedagainstthe
pre-computedbit vectorsof theprunedcandidatesobtained
from thepreviousstage.If thereexistsonly onematchthen
thesearchconcludeselsetheresultsarepassedontothenext
stage.Whennoexactmatchesarefound(which is possible
if theinput imageis of poorquality or hasbreaks)a match
with a relaxedconditionis performed.In the relaxedcon-
dition a bit vectorsuchas,(0 1 1 1 0 0 0 0 0) is considered
as(x 1 1 1 x x x x x) where“x” is a don't carecondition.
This is searchingfor the merepresenceof a cavity andits
absenceis beingignored.Undervery rarecircumstances,if

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

sucha relaxedmatchalsofails, we passtheprunedcandi-
datesfrom thezoningstageto the�nal stage.

6.3 TemplateMatching

The�nal stageof theOCRis a templatematchingstage.
This stagehastwo stepsinternally. First is the nonlinear
normalizationstagewhereimagescalingis performed.This
enhancesthefavorablefeaturesof theinputimage.Weusea
modi�cation to thecrossingcountbasedtechniquefor nor-
malizationasproposedby LeeandPark[2].

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

LeeandPark useequalvaluesof - H and - V to control
nonlinearitywhenit becomestoo strong.Their suggestion
failedto produceproperresultsfor theTeluguorthography.
Thesolutionis to �nd differentvaluesfor - H and - V which
arecalculateddynamicallybasedon theinput imagedata.

In order to obtain favorablevaluesfor - H and - V we
�rst calculatethestandarddeviation(� ) andmean(� ) of the

�B����� and 0C�D	9� dataassuming- H= - V= 0 . The ratio of
standarddeviationto meanis usedasameasureof linearity.
An upperlimit is �x edfor this ratio, representedby E . The

- H and - V valuesarecalculatedbasedon this maximum
allowablenonlinearityvalue( E ).
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Figure 5. (a) Linear scaling (b) Nonlinear scal­
ing (c) Nonlinear scaling E =0.04 (d) Nonlinear
scaling E =0.06

Thevaluesof - H and - V arethusobtainedby calculat-
ing the ( �R� and ( � ) of ������� and 01�2	�� . Thesevaluesare
addedto the existing �B����� and 0C�D	9� data. The input im-
age �����!�
	9� is thenre-sampledbasedon the �B����� and 01�2	��

statisticsto obtaintheoutputimage 
����S�T��� . Re-sampling
is performedusing the sameformula asproposedby Lee
andPark.

The valueof parameterE is critical. This valueshould
bechosenverycarefullybasedon experimentalevaluation.
It hasadirecteffecton theperformanceof theOCRsystem
(�gure 5). We have chosento usethevalue E =0.06asthis
gavethebestoverall result.

The scaledinput (64x64) is now matchedagainstthe
templates(normalizedsimilarly) of theprunedresults(typ-
ically lessthan4) passedby thecavity analysisstage.

6.4 Mink owski (L2) DistanceTemplateMatching

We usethewell known L2(Euclidean)distanceto mea-
suresimilarity betweentemplatesandthe input glyph. We
call a forward distanceasthe sumof distancesfrom each
foregroundpixel of the scaledinput imageto the nearest
foregroundpixel in thetemplate.Similarly a backward dis-
tanceis computedin the sameway except its computed
from the templateto the input glyph. The summationof
theforwardL2 distanceandbackwardL2 distanceis taken
asthe �nal comparisonmetric, leastbeingthebestmatch.
Thetemplatematchingstageis usedonly whentheprevious
stagesareinconclusive. Experimentallyit is observedthat
very few input glyphsreachthis stage,mostarerecognized
in thepreviousstages.

7 Resultsand Future Work

The segmentationprocesswas found to be tolerant to
skew of about5 degrees.This canbeattributedto theRe-
cursiveXY Cutsbasedapproach.Also, it wasfoundto suc-
ceedin segmentingcomplex “non-Manhattanlayouts”such
as thoseexamplesshown in the Pink Panthersystem[6].
Suchcomplex layoutsarecommonlyfoundin Telugumag-
azines.

The OCR gave a good accuracy in the rangeof 97%-
98%. In a testsetof 1500glyphstaken from a magazine
(India Today, in Telugu) the OCR gave correctresultsfor
about1463glyphs.In majorityof themismatchestheOCR
hadthe correctmatchin the top 3 candidates.In another
experimentusinga differenttrainingseta recognitionrate
of 94%wasobtainedon thesametestset.Thelargererrors
herewerebecauseof thecompletechangein thestructural
styleof a few glyphs(like nonexistenceof a few cavities).
TheOCRdesignis suchthatit facilitatestheuseof a multi
font trainingset. A moreextensive analysisof theOCRis
beingperformedto further�ne tuneall theparameters.

The true challengefor the TeluguOCR would be for it
to work in a multi-font environment. In Teluguorthogra-
phy, thestylessuffer a largevariationin normaltypesetting,
further decorative fonts exhibit a very large variation. Fu-
ture systemscan be trainedto keepthis in view. Layout
restorationis oneof theextensionsthatis beingplannedfor
thefuture.Herewe would like to point out thatpictureand
photographicimageregionsarebeingignoredin thepresent
system. In future thesecould be identi�ed andprocessed
separately.
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