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ABSTRACT

Keywords: ScreenReader;Font Encoding;Font Data; Text to Speech Systems;TF-IDF

Weight;Glyph;GlyphAssimilationProcess;FontConverter.

Screenreaderis aform of assistivetechnologyto helpvisuallyimpairedpeopleto useor

accessthecomputerandInternet.Sofar, it hasremainedexpensiveandwithin thedomainof

English(andsomeforeign) languagecomputing.For Indianlanguagesthis developmentis

limited by 1) availability of Text-to-Speechsystemsin thelanguageand2) supportfor read-

ing glyph basedfont encodedtext. Becausethereis no consistency within font de�nitions,

numberof glyphsperfont andglyphcodemappingfor suchglyphsfor Indianlanguages.So

therearemany fontsper languageandhugeamountof electronicdatais availablein those

fonts. So mostof theexisting IndianLanguagescreenreadersdo not supportmany fonts,

consequentlynot many languages.

Most of the Indian languageelectronicdatais eitherUnicodeencodedor glyph based

font encoded.ProcessingUnicodedatais quitestraightforward becauseit follows distin-

guishedcoderangesfor eachlanguageandthereis a one-to-onecorrespondencebetween

glyphs(shapes)andcharacters.This is not truein thecaseof glyphbasedfont encodeddata.

Henceit becomesnecessaryto identify the font encodingandconvert the font-datainto a

phoneticnotationsuitablefor theTTSsystem.

This thesisproposesanapproachfor identifying thefont-type(font encodingname)of

a font-datausingTF-IDF (TermFrequency - InverseDocumentFrequency) weights.Here

thetermrefersto a glyphof a font-typeandthedocumentrefersto a collectionof wordsor

sentencesin aspeci�c font-type.TheTF-IDF weightis astatisticalmeasureusedto evaluate

how relevantan N-glyph (`N' sequentialglyphslike uniglyph,biglyph, triglyph etc.,)to a

speci�c font-datain a collection of textual data. We have built modelsof variousfont-

datafor uniglyph,biglyph and triglyph. Whenthesefont modelswereevaluatedfor font-



type identi�cation, triglyph modelsperformedbestandbiglyph modelsperformedbetter

than uniglyph models. The resultsshow the performanceincreaseswhen longercontext

(neighboringglyphs)takenfor building font models,subjectto reasonablecoveragein the

trainingdata.

This thesisalsoproposesa genericframework to build font convertersfor conversion

of font-datainto a phonetictransliterationschemein Indian languages.It consistsof two

phases:(i) building theglyph-maptablefor eachfont-typeand(ii) de�ning glyph assimi-

lation rulesfor eachlanguage.A font-typehasa setof glyphswhich may be a character

or partof a character(merelya shape)andthey have an8-bit codevaluein the range0 to

255.Conventionalapproachesmapglyphsto a closestphoneticnotationwhile building the

glyph-maptable. This techniquefails to uniquelyidentify the duplicatesof a glyph. As a

novelty, wehandlethisby takingtheplace/positionalinformationof theglyph into account.

Theposition,denotedby herenumbers,refersto thepositionof glyphwith respectto apiv-

otalcharacter. Glyphassimilation,which is thesecondphaseof font conversionis aprocess

of merging two or moreglyphsto producea singlevalid character/Akshara.A setof glyph

assimilationrulesarede�ned undereachlevel for eachIndian language.Promisingresults

were obtainedby following this approachfor 10 languageslike Hindi, Marathi, Telugu,

Tamil, Kannada,Malayalam,Gujarati,Punjabi,BengaliandOriya.

As a major contribution of this thesis,we have successfullydevelopeda multi-lingual

screenreader(RAVI) for Indianlanguagesandhave incorporatedthemodulesfor font-type

identi�cation andfont-dataconversion.
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CHAPTER 1

INTRODUCTION

1.1 SCREENREADER

A screenreaderis a softwaredesignedfor visually impairedpeople,integratedwith speech

synthesizerto speakaloudeverythingoncomputerscreen,suchasicons,menus,text, punc-

tuationsandcontrol buttons. Screenreaders(or speechenabledsystems)aredesignedfor

blind peopleto use/accessstandardcomputersoftwares,suchasWord Processors,Spread-

sheets,Email andtheInternet.Typical computerslike desktopor laptopcanbeadaptedto

talk by addinga screenreaderto it. Thescreenreaderallows navigationaroundthe com-

puterscreenandpresentswhat is happeningon thescreento theuserin a meaningfulway

usingspeechoutput.

Today, in theworld of HumanComputerInteraction(HCI) thevisuallychallengedcom-

munity in India andotherdevelopingcountriesaredeprivedof technologiesthatcouldhelp

themto interactwith thesightedworld especiallywith gadgetswhich arenot userfriendly

for blind. Screenreadersarea form of assistive technologyfor the blind people. It is a

technologythat promisethe visually challengednaturalaccessto computers,gadgetsand

theInternet.

AssistiveTechnology: A generalterm usedto describetechnologythat assistspeople

with a disability suchasscreenreadingsoftwareor alternatekeyboardsis “assistive tech-

nology”. TheAssistiveTechnologyAct (ATA) of 1998de�nesassistivetechnologyas“any

item,pieceof equipment,or productsystem,whetheracquired commercially, modi�ed, or

customized,that is usedto increase, maintain,or improvethefunctionalcapabilitiesof indi-

vidualswith disabilities.” Someof thisassistivetechnologyincludesscreenreaders,talking

webbrowsers,printedtext readers,Braille translators(Text-to-Braille andBraille-to-Text),

1



screenmagni�ers,specialcomputerkeyboardsandtechnologythatallow controlof a com-

puterthroughheadmovementsor eyemovements.

Blindnessand Low Vision: Blindnessposesa threatto the way of life of peoplenot

only in India but alsoworld wide. Therearean estimated180 million visually-impaired

people[1] in theworld. Approximately10 to 20 million persons[2] in India areunableto

reador write dueto thevisionproblemsand95percentof themdonotknow English.While

therearemany amongstuswhoshareandconcernthechallengesfacedby visuallyimpaired,

studies/researchrevealsthatmany visuallychallengedpersonsnaturallypossesshighdegree

of sensesandIQs thanthenormalpersons.Most peoplewho arevisually impairedkeenly

usessensorytouchandhearing,suchsensesareprimary assetin operating�ne controls,

working in voice basedprocessesin BPO operations,or even doing complex operations

which requiremonitoringandresultantoperationsof audiosignals.

While a blind or visually challengedpersonmay or may not be able to reador write

effectively, their sharpsenseof hearingbecomingprimarymodeof interface.Today's tech-

nologycanexploit thisverymode.Speechtechnology(thatcanconvertawritten/typedtext

into speech)offerssolutionswhich canenabledevelopmentof interfaceson the computer

transformingdocuments,informationandcontentaccessibleto theblind. Onesuchsolution

is calledscreenreadingsoftwarewhich canbe portedon a rangeof devicesvia. personal

computers,informationkiosks,ATMs, handheldsandmobilephone,etc.,

Renderingon-line instructionallows blind andlow vision studentsat a distinct disad-

vantagewhenthemajority of the informationis in visual format. Althoughblind andlow

visionstudentscanlearnto usekeyboardseffectively, accessingoutputis achallenge.With

thehelpof Braille outputdevices,opticalcharacterrecognitionsoftware,andscreenreaders,

blind studentscanalsoequallyaccessto electronicinformationonparto their counterpart.

Screenreadersarecategorizedinto threemajortypes:Command-linetext screenreader,

GUI basedscreenreaderandweb-basedscreenreader, accordingly

� CLI (text) ScreenReaders: Early operatingsystemssuchas MS-DOS which em-

ployed a CommandLine Interface(CLI), andthe screendisplayconsistedof char-

actersmappingdirectly to a screenbuffer in memoryandto a cursorposition. Input
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waskeyed from keyboard. All this informationcould be obtainedfrom the system

by hookingthe�o w of informationaroundthesystemandreadingthescreenbuffer

andcommunicatingtheresultsto theuser.

� GUI basedScreenReaders: Arrival of GraphicalUserInterfaces(GUIs),addedmore

complication.A GUI is compositionof charactersandgraphicsdrawn on thescreen

atparticularpositions,andassuchthereis nopuretextualrepresentationof thegraph-

ical contentson the display. Screenreaderswereonly choicebut driven to employ

new low-level techniques,gatheringmessagesfrom theoperatingsystemandusing

theseto build up an “off-screenmodel”, modelis a representationof the displayin

which the requiredtext contentis stored.Screenreaderscanalsocommunicatein-

formationfrom menus,controls,andothervisualconstructsto permitblind usersto

interactwith theseconstructs.However, maintainingan off-screenmodel is a sig-

ni�cant technicalchallenge:hookingthelow-level messagesandmaintaininganac-

curatemodelareequallydif�cult tasks.Operatingsystemandapplicationdesigners

have attemptedto addresstheseproblemsby providing wayswhich screenreaders

canaccessthedisplaycontentswithouthaving to maintainanoff-screenmodel.This

involvestheprovision of alternative andaccessiblerepresentationsof what is being

displayedon thescreenaccessedthroughanAPI. ExistingAPIs include: (1) Apple

AccessibilityAPI, (2) IAccessible2,(3) MicrosoftActiveAccessibility(MSAA), (4)

Java AccessBridgeandetc.,. Screenreaderscanquerytheoperatingsystemor ap-

plicationwhich is currentlybeingdisplayedandreceiveupdateswhenthechangein

thedisplay.

� WebbasedScreenReaders: A relatively new approachin the�eld is web-basedap-

plicationslikeTalkletsthatuseJavaScriptfor addingText-to-Speechfunctionalityto

web content.The primaryaudiencefor suchapplicationsarethosewho have dif�-

culty in readingbecauseof learningdisabilitiesor language.Comparatively func-

tionality for this type remainslimited thandesktopapplications,the major bene�t

is to increasetheaccessibilityof websites/URLswhenaccessedon public machines
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whereusersdo not have permissionto install customsoftware,web-basedplug-ins

givepeoplegreater̀ freedomto roam'.

1.2 ISSUESIN BUILDING A SCREENREADER

Building ascreenreaderis acomplicatedtask,consideringthetechnologyandusage.There

are many hurdlesin developmentof multilingual screenreader, someof them are com-

mon for all thescreenreaders.Let us review andhighlight theproblemswith theexisting

screenreaders.The commonissuesarespeechsynthesizer, implementationstrategy, user

interfaces,supporteddocumentsof different format, multi-lingual issues,supportingOS

platformsandthecostcomponent.Wediscussbrie�y abouteachof thesepointsbelow.

� Speech Synthesizer: A speechsynthesizer(akaTTSSystem)is themajorcomponent

of any screenreadersystem.A speechsynthesizeracceptsplainor markedup text as

inputandgeneratesspeechoutput.In India,therearedifferentorganizationsinvolved

in developmentof speechsynthesizersfor Indian languages.Someof themarepri-

vatecompaniesandothersareinstitutes.Every oneof thesehasuniqueinterfaceto

the speechsynthesizer. The problemsare: (i) they provide supportfor oneor few

Indianlanguages,(ii) thequality of thespeechoutputis still not naturaland(iii) no

effort to integratewith any applicationandprovide a uni�ed model for a common

platform. Viable action in windows operatingsysteminvolvescreatinga layer on

top of all thesynthesizersby following SpeechApplicationProgrammingInterface

(SAPI) standardproposedby Microsoft.

� ScreenReadingApplication: A screenreadermonitorsandextractsinformationon

computerscreenthroughkeyboardcommand/mouseclick andsendsthat informa-

tion to thespeechsynthesizerin text form. Handlingthekeyboardeventsis relatively

easy;onecanjust capturekeystrokesandconvert with thehelpof in built keyboard

layouts.Monitoring thescreenis a complex job particularlyin windows basedsys-

tem. By windows basedsystemwe meanany systemwith windowing capabilities.

Problemsin windows basedsystemsarisedueto the fact that eachwindow is just
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anarrayof pixelson thescreen,hencemakingit mandatoryto get that information

from the program/applicationthathaswritten that text on the screen.It is possible

only whentheprogramhasa well de�ned interfacefor obtainingthatinformationor

graphicsAPIsaremonitoredfor text outputandthena recordis maintained.

In Windowsoperatingsystemalmostall thescreencomponentsarewell de�ned and

they allow oneto getsuchinformationin multiple ways. Bare-boneapproachis to

getsuchinformationthroughWin32API andpreferredapproachis to hookinto Mi-

crosoftActive Accessibility(MSAA) [3]. MSAA providesnoti�cation to the inter-

estedapplicationandprovidesstandardmechanismto obtainthis information.How-

everMSAA happensto betheheartof any screenreadingapplication,it still cannot

provide informationfor all thecomponentsandall thedesiredformsof information.

So onehasto rely on ComponentObjectModel (COM), Win32 API, andat times

ondisplaydrivers.Thenthereis theissueof handlingeachscreencomponentdiffer-

ently thanothers.For examplethe“LanguageBar” in Windows XP doesn't expose

any interfaceto retrieve thetext.

� Multi-Lingual Issues: Discussingto issuesspeci�c to multilingualscreenreaders,we

canmainly focusour attentionto languagerepresentationcodeor scripts. Thepre-

ferredcodingis Unicode[4] whichsupportscodesfor almostany languagecurrently

available.Soif theworld followedUnicodeonly, it wouldbeeasierfor programmers

to write programswhich couldunderstandany languagetext andhandleit appropri-

ately. But unfortunatelytherearedifferentcodingstandardsusedby variousvendors

andapplications.So our approachhasto addressboth forms of text. Our software

will internallyuseIT3 [5] phoneticnotationbutwheneverrequiredit canbeconverted

to Unicodeor to othernotations(whenaspeechsynthesizerdoesnotunderstandIT3

notations).We alsoconvert from otherfont-encodingsto IT3 (whena particularap-

plication doesnot provide IT3 text). Our main focuswill be on IT3 andUnicode

dueto the fact that thecurrentWindows andthe subsequentversionswill useUni-

codefor multi lingualapplications.Whenrequiredaconverter(font converter, ISCII
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converteretc.) it canbeinsertedto accommodatenonIT3/Unicodeapplications.

� UserInterfaces: Userinterfacesor navigationcontrolsdiffer from onescreenreader

to screenreader. A standardsetof userinterfaceshasto be identi�ed andto bede-

�ned. Sometimetheuserexpects,they shouldbecustomizablelikeJAWSwhichpro-

videssomescriptingmechanismtomodify theuserinterfaces.TeachingandTraining

regardingthenew interfacesor navigationcontrolsbecomemandatory.

� DocumentFormats: Screenreaderhasto readcontentfromthedocumentsin different

formats.They maybesimplemulti-line edit control(Notepad),wordprocessor(MS

Word), spreadsheet(Excel), presentationtool (PowerPoint),web/marked up pages

(HTML/ASP/XML) andencrypteddocuments(PDF/PostScript).Extractingthe re-

quiredtext from thosedocumentsis a complicatedtask. For somedocumentsthere

arebuilt-in librariesandfor othersoneneedsto write his own parserto extract the

text.

� SupportingPlatforms(OS): A screenreaderis developedaiming at one platform

(Windows/Linux). Evenfor asingleOS,it maywork verywell with oneversionand

may not with the otherversions.So the userhasto maintainonescreenreaderfor

eachplatformif heworkswith multipleplatforms.A platformindependentarchitec-

turehasto bedesignedwhich is relatively challengingtask.

� Cost: This is the most exciting questionfrom the userend abouta screenreader

(especiallyfrom Indiancommunityperspective) “Whether it is availablefor freeor

cost?” Well, if it coststhenhow much?A well developedscreenreaderslikeJAWS,

Window-Eyesetcarecostly(in therange$500dollarsandabove) which cannot be

affordableby a commonmen in Indian. Usersare expectingthe screenreaderat

affordableor freeof costwith quality thatof existingsolutions.
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1.3 RELATED WORK ON SCREENREADER

Advancesin syntheticspeech,hasallowedthedevelopmentof screenreadersoftware,which

cancapturetext from the computerandtransformit to the audioform therebyhelpingvi-

sually impairedpeopleget the informationvia. the speechmodality. Increasingly, screen

readersarebeingbundledwith operatingsystemdistributions.Recentversionsof Microsoft

Windowscomewith theratherbasicNarrator, while Apple Mac OSX includesVoiceOver,

amorefeature-richscreenreader. Theconsole-basedOraluxLinux distributionshipsit with

threescreen-readingenvironments:Emacspeak[6], YasrandSpeakup.The opensource

GNOME desktopenvironmentlong includedGnopernicusalsonow includesOrca. There

arealsomany opensourcescreenreaders,suchastheLinux screenreaderfor GNOMEand

NonVisual DesktopAccessfor Windows. The mostwidely usedscreenreadersaresepa-

ratecommercialproducts:JAWS from FreedomScienti�c, Window-Eyesfrom GW Micro,

andHAL from Dolphin ComputerAccessbeingprominentexamplesin English. With re-

centinitiativesfrom researchorganizationsandmajorsoftwarevendors,thedevelopmentof

screenreadingsoftwarehasbegunin Indianlanguages.But supportto languagesandtypes

of contentreadingis limited dueto technologyconstraint.

Here we review screenreaderswhich are mostly in use. We categorize them as (1)

screenreadersavailablefor Englishandotherforeignlanguagesand(2) screenreaderefforts

in Indianlanguages.The�rst four screenreadersarefor Englishandthelaterthreearethe

effortsin Indianlanguages.WhileEnglishscreenreadersarewidely used,attemptsin Indian

languageshavebeenmetwith limited successandpopularity.

JAWS[7] : Themostpopularscreenreaderusedworldwide,JAWS for Windowsworks

on any PCto provide accessto latestsoftwareapplicationsandtheInternet.With its inter-

nalsoftwarefor speechsynthesizerandthecomputer'ssoundcard,theinformationfrom the

screenis readaloud,providing accessto awidevarietyof information,educationandjob re-

latedapplications.JAWS alsooutputsto refreshableBraille displays,providing unmatched

Braille supportof any screenreaderon the market. JAWS Professionalcosts$1095and

JAWS Standardcosts$895. It hasbeenreleasedwith Unicode(internationaldigital coding
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standardfor representationof languages)enablingusersto avail supportin Indianlanguages.

It followsOSM (Off ScreenModel),astandarddevelopedto readIndianlanguages(Hindi)

basedon what is displayed,which sometimessoundsweird from theactualpronunciation

of a letteror a word.

Window-Eyes[8] : It is comparableto the moststablescreenreaderavailable in the

market today. Window-Eyesgivestotal control over what you hearandhow you hearit.

Providesan additionalfeatureof enhancedBraille which understandsuser's feelings. On

top of all that, thepower andstability of Window-Eyesmeansthatmostapplicationswork

right out of thebox with no needfor endlesstinkeringandjuggling con�guration in order

to get themto functionproperly. Applicationsthatutilize standardMicrosoft controlswill

be spoken automaticallywith little or no con�guration necessary. Otherapplicationsmay

requiresimplemodi�cationsto Window-Eyeswhoseoptionsareeasilyaccessiblevia awell

catalogedmenuorganizedin userfriendly mannersuchasspeechcontrolpanel.Window-

Eyescosts$895.00andWindow-EyesSMA costs$299.00.

HAL [9] : It is a screenreadersoftwarethatworksby readingthe screeninteractively

andcommunicatingthrougha speechsynthesizeror by a refreshableBraille display. One

of only a few with rich featuredscreenreadersin theworld, HAL givesindependence- not

only on a desktopPC, but canbe carriedon a USB stick to useat any campus,Internet

cafe,library or work placewherePCis availableacrosstheglobe.Thebene�t of this is that

userscannow carry their screenaccess,with their favorite settingswith themat all times.

In addition,HAL userscanconnectremotelyon terminalserversor Citrix mainframes.

Kurzweil [10] : Kurzweil (1000and3000)readsprintedmaterialssuchasbooks,mag-

azines,singlesheetsandnewspapers.Printedmaterialsare�rst scannedinto thecomputer.

ThenKurzweil1000'sopticalcharacterrecognitioncapabilitiesrecognizetheandconvert it

into syntheticspeech.Thisgivespeoplewho areblind audibleaccessto theprintedpages.

SAFA [11] : ScreenAccessFor All (SAFA) is an opensourceinitiative to develop a

screenreadingsoftware for the vision impairedusersto readandwrite in their language

of choice. The goal is to have multi-lingual software on multiple platforms. Basedon

Vachak[12], a Text-to-Speech(TTS) enginedevelopedby Prologix,Lucknow (India) and
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NationalAssociationfor theBlind (NAB-New Delhi) hasdevelopedthis screenreader. It

currentlysupportsEnglishandHindi only andthework is in progressto providesupportfor

all of�cial Indianlanguages.

IITM Software for the Visually Handicapped[13] : Opensourcecommunityat IIT

Madrashasrealizedthe importanceof the needto incorporatesomeaspectsof Assistive

Technologiesin the Multilingual software,soasto bene�t thedisabled,at leastin respect

of giving themopportunitiesto geteducatedin the�rst placeby meansof theirown mother

tongue. The multilingual software,enhancedwith speech,hasgainedwide acceptancein

thecountryon accountof its simplicity andeaseof use.Their developmentof systemsfor

thedisabledis still atastageof infancy whencomparedto solutionsavailablein thewestfor

theEnglishspeakingusers.MBROLA is a freely availablespeechenginewhich hasbeen

usedin thisapplicationandasof now, thereis aslightEuropeanaccentto thespeechoutput.

Still packagingthesoftwarein any form thatwould allow visually handicappedpersonsto

downloadandinstall the sameall by themis part of the future work. What the teamhas

doneis to provide a suitableinterfaceprogramto substitutethecomputer's soundinterface

for theexternalsynthesizersothat theapplicationcouldwork on a Windows machineor a

Linux system.TheJAWS readerinterfaceusesMBROLA asthespeechengine.MBROLA

is thedependency for theapplicationhasto work.

VoiceDot [14] : Analytica's VoiceDot aims at ful�lling the needfor a cost effective

screenreadingsolution,for visually impairedpeoplein India andaroundtheworld. Ana-

lytica envisionsVoiceDotasa meansto aid thevisually impairedin harnessingknowledge

from the wired world. VoiceDotwill enablethe visually impaireduserto readandwrite

electronicdocuments,andcommunicatewith the world throughthe Internet. VoiceDot is

built arounda plug-in architecture,this supportsthird partyplug-insfor supportingcustom

applications.For instance,applicationslike Lotus Notes,Acrobat readeror Tally canbe

madeaccessibleusingtheplug-ins. VoiceDotsupportsMicrosoft's SAPI 5.1 (SpeechAp-

plication ProgrammingInterface)andMSAA (Microsoft's Active Accessibility). It uses

Microsoft'sTTSsynthesizerto rendertext asspeechoutput.
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1.4 NEED OF SCREENREADER FOR INDIAN LANGUAGES

India is a multi-language,multi-script country with 23 of�cial languagesand 11 written

scriptforms.Aboutabillion peoplein Indiausetheselanguagesastheir �rst language.En-

glish, themostcommontechnicallanguage,is thelinguafrancaof commerce,government,

andthecourtsystem,but is not widely understoodbeyondthemiddleclassandthosewho

canafford formal, foreign-languageeducation. About 5% of the population(usually the

educatedclass)canunderstandEnglishastheir secondlanguage.Hindi is spokenby about

30%of thepopulation,but it is concentratedin urbanareasandnorth-centralIndia, andis

still notonly foreignbut oftenunpopularin many otherregions.Screenreadingtechnology

providesmany functionalitiesusingspeechtechnologyto helpthevisually impairedpeople,

but it hashardlyreachedto theneedypopulationin IndiaotherthansmallfortunateEnglish

speakingcommunityonly aspotentialcustomer. Hencethereis aneedto havescreenreader

thatcanaid othervisually impairedpeoplewhospeakIndianlanguages.

Someof thelimitationsobservedin existingscreenreadersinclude:

� ProfessionalEnglishscreenreadersfail toprovidegoodsupportfor Indianlanguages.

The English voiceshave US/UK accentand thus native speakers found it hard to

comprehend.

� Screenreadersin Indianlanguagessupportoneor two majorspokenlanguages,and

thuslacka genericframework of supportingmultiple Indianlanguages.At thesame

time, thesescreenreadersoftensupportonly Unicodeformatsandthusignorebest

localwebsitessuchasEenadu,Vaartha,Jagranwhich useglyphbasedfonts.

� Screenreadersin Indianlanguageshavealsolimitationsin termsof supportfor com-

puterapplicationsor programs.Typically thesupportis providedat thescreenlevel

andto thebrowsers,andthusmajorapplicationssuchasEmail clients,variousinter-

netbrowsersandPDF/Postscriptreadersareignored.

� Somescreenreadersdo not make useof recentadvancesin text-to-speechtechnolo-

giesandthusprovide intelligible but notasnaturalashumanspeech.
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� Somearefreelyavailableandothersarecostly.

Hencewe needgood professionalscreenreadersfor Indian languagesproviding support

for many or all of the Indian languages,differentcomputerapplicationsand intelligible,

human-soundingsyntheticspeech.Suchscreenreadersshouldbeavailablefreelyor in some

reasonablecostsothatthecommonIndianusercanreapthebene�t of suchtechnologies.

1.5 THESIS STATEMENT

Developinga full-�edged screenreaderfor Indian languagesis a challengingtaskconsid-

eringthecomputer-science,languageandspeechprocessingaspectsinvolvedin theimple-

mentation.Theproblemof developingascreenreadingsoftwarefor Indianlanguagescould

bestatedas:Givena text in any Indianlanguageencodedin any formattheobjectivewould

beto processtheminto therequiredformatandspeakit out in therespective language.We

wish to developa screenreaderfor Indianlanguagesandprovide it for freely which would

helpIndiancommunity, especiallyblind peopleto agreatextent.

1.6 CONTRIB UTIONS

Thescopeof theresearchincludes1) understandingthescriptsof Indianlanguagesandtheir

storageformats,2) identifying the font-type(font encodingname)of the font-data,3) de-

signingagenericframework for building font convertersfor scriptsin Indianlanguagesand

4) developinga screenreadingsoftwarefor Indianlanguages.

This researchdocumentsthreemaincontributions.They are:

(a) An approach for identifyingthe font-type(font encodingname): TF-IDF weightbased

vectorspacemodelsfor fonts,constitutinguniglyph,biglyphandtriglyph to classify

or identify thefont encodingnameof thetext (Chapter3).

(b) A generic framework for building font converters in Indian languages: Helps build-

ing rapidly a font converterby providing only the glyph-maptable of a font. This
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glyph-maptableprovidesmappinginformationbetweenglyph andits closestpho-

neticnotationwith positioninformation.A setof glyphassimilationrulesarealready

identi�ed andde�ned perlanguage(Chapter4).

(c) A screenreaderfor Indian languages: Readscontentin differentIndianlanguagesand

helpsblind peopleto usethecomputerandInternet(Chapter5).

1.7 ORGANIZA TION OF THE THESIS

This thesisis organizedinto six chapters.

� First chaptertalks aboutgeneralintroductionto screenreadersandcommonissues

involvedin building screenreaders.

� Secondchapterdiscussesthenatureof Indian languagescripts,their digital storage

formatsandneedfor handlingthe font-dataespecially. It describesa transliteration

schemeusedfor our research.

� Third chapterpresentsfont-type(font encodingname)1 identi�cation in Indianlan-

guages.In detail it coversthe TF-IDF weight, modelingthe font-datausingthose

weightsandclassifyingthefont-type. Lastly it analyzestheperformancefor differ-

entcases.

� Fourth chapterpresentsa genericframework for building font convertersfor font-

dataconversionin Indian languages.It describesexploiting glyph shapeandplace

informationandbuilding glyph-maptablefor fonts. It explainsglyph assimilation

processandrulesfor glyph assimilationin eachlanguage.In theendit analyzesthe

conversionperformancefor differentIndianlanguages.

� Fifth chapterpresentsa multi-lingual screenreaderfor Indian languagesandissues

in development.It coversin detail the proposedarchitecture,userinterfaces,func-

tionalities,evaluationandlimitations.

1This thesisusesthetermsfont, font-encodingandfont-typeinterchangeably
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� Sixth chaptersummarizesthethesiswork andconcludesthenprovidestheroadmap

for thefuturework.
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CHAPTER 2

A Review of Natureof Scripts in Indian Languages

This chapterpresentsa brief introductionto natureof scriptsof Indian languages.Such

introductionis necessaryas in Indian languagesthe basicalphabetstake multiple shapes

andpositionedin differentplacesin thescript(top,down, left andright). Most importantly

we have utilized thesepositionandshapecharacteristicsof Indian languagescriptsin our

approachesfor identi�cation of font-type andconversionof font-data. This chapteralso

describesvariousdigital storageformatsusedfor theIndianlanguageelectroniccontentand

presentstheIT3 transliterationschemeemployedin this thesis.

2.1 AKSHARAS OF INDIAN LANGUAGE SCRIPTS

Indian languagescriptsoriginatedfrom the ancient`Brahmi' script. As Indian languages

arephoneticbased,the minimal soundunits calledphonemes,are identi�ed asroot case.

Thephonemesaredividedinto two groups:vowelsandconsonantsandinto furtherclassi-

�cations. Systematiccombinationsof elementsof thesegroupsresultedinto thebasicunits

of the writing systemarereferredto as “Aksharas”1. The propertiesof Aksharasareas

follows:

1. An Aksharais an orthographicrepresentationof a speechsoundin an Indian lan-

guage.

2. Aksharasaresyllabicin nature.

3. The typical forms of AksharaareV, CV, CCV andCCCV, thushave a generalized

form of C*V where`C' standsfor consonantand`V' standsfor vowel.

1Aksharamaymeanºsyllableºof C*V form (in Sanskritgrammar)
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4. An Aksharaalwaysendswith a vowel or nasalizedvowel.

5. White spaceis usedasword boundarythusseparatingAksharaspresentin two suc-

cessivewords.

6. Thescriptsarewritten from left to right.

7. Romandigits (0...9) areusedasnumerals.Someof the languageshave their own

numericsymbolswhich arerarelyused.

8. EnglishPunctuationsmarkssuchascomma,full stopsetc.,.aremostlyusedin writ-

ing. LanguagessuchasHindi have a setof their own punctuationmarkswhich are

oftenused.Somelanguageslike Tamil have specialsymbolsfor date,month,year,

deptandcreditetc.,.

2.1.1 Convergenceand Divergence

India is a multi-lingual nationwith 23 recognizedof�cial languages.Theselanguagesare:

Assamese,Bengali,Gujarati,Kannada,Kashmiri,Konkani,Malayalam,Manipuri,Marathi,

Nepali,Oriya,Punjabi,Sanskrit,Sindhi,Tamil, TeluguandUrdu. ExceptUrduandEnglish,

the remainingof�cial languageshave a commonphoneticbase,i.e., they sharea common

setof speechsounds.While theselanguagesshareacommonphoneticbase,languagessuch

asHindi, MarathiandNepalialsoshareacommonscriptknown asDevanagari.Languages

suchasTelugu,KannadaandTamil have their own scripts. Thepropertythatmakesthese

languagesdistinct is thephonotacticsin eachof theselanguagesratherthanthescriptsand

speechsounds.Phonotacticsis the permissiblecombinationsof phonesthat canco-occur

in a language. The shapeof an Aksharadependson its compositionof consonantsand

the vowel, andsequenceof the consonants.In de�ning the shapeof an Akshara,oneof

theconsonantsymbolsactsaspivotal symbol. Dependingon thecontext, an Aksharacan

haveacomplex shapewith otherconsonantandvowel symbolsbeingplacedon top,below,

before,afteror sometimessurroundingthepivotal symbol.Ideally, thebasicrenderingunit

for Indian languagescriptsshouldbe Aksharasthemselves. However Telugu,for instance

hasaround15vowelsand36consonants.To renderAksharasasawholeunit, it requires540
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CV units,19440CCV unitsand699840CCCVunits[5]. It is reasonableto assumethatnot

all combinationsof consonantclustersareallowed,but even with that assumption,10000

Aksharasareneededasrenderingunits. Due to this large numberof units, an Aksharais

renderedby concatenatingtheconstituentconsonantandvowel symbols.Thefollowing are

thesymbolsusedto renderAksharasby aUnicoderenderingengine.

2.1.1.1 ConsonantSymbol

A consonantsymbol in an Indian languagerepresentsa singleconsonantsoundwith the

inherentvowel (short/a/). Aksharais syllabicsoeachconsonantsymbolrepresentsa con-

sonantandtheinherentvowel. Fig. 2.1showstheconsonantsymbolsin Hindi andTelugu.

Fig. 2.1: Full consonantsymbolsin Hindi andTelugu.

2.1.1.2 Half forms of the consonant

Aksharasof the type CCV or CCCV, have morethanoneconsonant.In thesecases,one

of theconsonant(s)hasfull-form shapewhereothersin half-form shape.Thesehalf-forms

do not have an inherentvowel. An half-form consonantoccupiesa placeon top, below,

beforeor afterthefull-form consonantin thescript. Fig. 2.2shows thethehalf form of the

consonantsymbolsin Hindi andTelugu.

Fig. 2.2: Half consonantsymbolsin Hindi andTelugu.
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2.1.1.3 Vowel symbols- independentvowels

A vowel symbolrepresentsa vowel soundandis usedto rendera syllableof typeV which

hasnoconsonantsbeforeor afterit. Thesevowel symbolsarealsoreferredto asindependent

vowels.Fig. 2.3showsthethevowel symbolsin Hindi andTelugu.

Fig. 2.3: Vowel symbolsin Hindi andTelugu.

2.1.1.4 Maatra - dependentvowels

Consonantscanassociatewith vowels otherthaninherentvowel. If a non-inherentvowel

is needed,thena diacriticalmarkcorrespondingto thenon-inherentvowel is addedto the

consonantsymbol. Thesevowels with their attacheddiacritical marksare referredto as

Maatrasor dependentvowels. A Maatracanoccupy a placeon top, below, before,after,

or sometimessurroundingtheconsonantsymbolandthusis oftenreferredto asdependent

vowel. Fig. 2.4showsthetheMaatrasymbolsin Hindi andTelugu.

Fig. 2.4: Maatrasymbolsin Hindi andTelugu.

2.1.1.5 Halant

Sometimesit is necessaryto write consonantswithout inherentvowels. To remove the

inherentvowel from a consonant,a symbolcalledHalantis used.The symbolmay be an

obliquestrokeundertheconsonantsymbol,or canchangetheshapeof theconsonantif it is

on top of theconsonant.
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2.2 DIGIT AL STORAGE FORMAT

Anotheraspectof diversionin electroniccontentin Indianlanguagesis their digital storage

format. Formatslike ASCII (AmericanStandardCodefor InformationInterchange),ISCII

(IndianStandardcodefor InformationInterchange)andUnicodeareoftenusedto storethe

digital text datain Indianlanguages.Thetext is renderedusingfontsof theseformats.This

sectiondescribesbrie�y abouteachstorageformatandalsoaboutfontsandglyphs.

2.2.1 ASCII Format

ASCII is a characterencodingbasedon theEnglishalphabets.Digital computersandoper-

atingsystemsin theearly90ssupportedonly ASCII basedencodingandhencemany elec-

tronic news papersin Indian languagesusedglyph basedfonts to storeandrenderscripts

of Indian languages.A font encodingstoredin ASCII format speci�esa correspondence

betweendigital bit patternsandthesymbols/glyphsof a written language.ASCII is strictly

aneightbit codeandrangesfrom 0 to 255.

2.2.2 UnicodeFormat

To allow computersto representany characterin any language,the internationalstandard

ISO 10646de�nes theUniversalCharacterSet(UCS) [4]. UCScontainsthecharactersto

practicallyrepresentall known languagesin theworld. ISO 10646originally de�ned a 32-

bit characterset. Eachcharacteris assigneda 32 bit code.However, thesecodesvary only

in theleast-signi�cant16bits. Table2.1shows theUnicoderangesfor Indianlanguages.

UTF: A UniversalTransformationFormat(UTF) [15] is analgorithmicmappingfrom

everyUnicodecodepoint (exceptsurrogatecodepoints)to a uniquebytesequence.Actual

implementationsin computersystemsrepresentintegersin speci�c codeunitsof particular

size (8 bit, 16 bit, or 32 bit). Encodingforms specifyhow eachinteger (codepoint) for

a Unicodecharacteris to be expressedas a sequenceof one or morecodeunits. There

aremany UnicodeTransformationFormatsfor encodingUnicodelike UTF-8,UTF-16and
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Table 2.1: Unicoderangesfor Indianlanguages.

Indian Language UnicodeRange(Hexadecimal) UnicodeRange(Decimal)

Devanagari 0900- 097F 2304- 2431

Bengali 0980- 09FF 2432- 2559

Oriya 0B00- 0B7F 2816- 2943

Gurmukhi (Punjabi) 0A00- 0A7F 2560- 2687

Gujarati 0A80- 0AFF 2688- 2815

Tamil 0B80- 0BFF 2944- 3071

Telugu 0C00- 0C7F 3072- 3199

Kannada 0C80- 0CFF 3200- 3327

Malayalam 0D00- 0D7F 3328- 3455

Urdu 0900- 097F 1536- 1791

UTF-32. Both UTF-8 and UTF-16 are substantiallymore compactthan UTF-32, when

averagingover theworld's text in computers.With theadventof Unicode,UTF-8 andtheir

supportin operatingsystems,mostof thecurrentelectronicdocumentsarebeingpublished

in Unicodespeci�cally in UTF-8formats.Someof thenewswebsiteswhichproduceIndian

languagecontentin Unicodeformatare:BBC news,Yahoo,MSN andGoogle.

2.2.3 ISCII Format

In India since1970s,different committeesof the Departmentof Of�cial Languagesand

the Departmentof Electronics(DOE) have beendevelopingdifferentcharacterencodings

schemes,which wouldcaterto all theIndianscripts.In 1983,theDOE announcedthe7-bit

ISCII-83 code, which compliedwith the ISO 8-bit recommendations[16]. ISCII (Indian

ScriptCodefor InformationInterchange)is a �x ed-length8-bit encoding.Thelower128(0-

127)codepointsareplainASCII andtheupper95(160-255)codepointsareISCII-speci�c,

which is usedfor all Indian Script basedon Brahmi script. This makesit possibleto use

an Indian script alongwith Latin script in an 8-bit environment. This facilitates8-bit bi-

lingual representationwith Indic Script selectioncode. The ISCII codecontainsthe basic
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alphabetrequiredby theIndianScripts.All compositecharactersareformedby combining

thesebasiccharacters.Unicodeis basedon ISCII-1988andincorporatesminor revisionsof

ISCII-1991,thusconversionbetweenoneto anotheris possiblewithout lossof information.

2.2.4 Fontsand Glyphs

Peopleinterpretthemeaningof a sentenceby theshapesof thecharacterscontainedin it.

Reducedto the characterlevel, peopleconsiderthe informationcontentof a characterin-

separablefrom its printedimage. Informationtechnology, in contrast,makesa distinction

betweentheconceptsof a character's meaning(the informationcontent)andits shape(the

presentationimage). Informationtechnologyusesthe term“character”(or “codedcharac-

ter”) for the informationcontent;andthe term“glyph” for thepresentationimage.A con-

�ict exists becausepeopleconsider“characters”and“glyphs” equivalent. Moreover, this

con�ict hasled to misunderstandingandconfusion.[17] explainsa framework for relating

“characters”and“glyphs” to resolvethecon�ict becausesuccessfulprocessingandprinting

of characterinformationon computersrequiresanunderstandingof theappropriateuseof

“characters”and“glyphs”.

Historically, ISO/IECJTC1/SC2 (SC2) [17] hastakenresponsibilityfor thedevelop-

mentof codedcharactersetstandardssuchasISO/IEC10646for thedigital representation

of letters,ideographs,digits, symbols,etc.,. ISO/IECJTC1/SC18 (SC18) hasdeveloped

the standardsfor documentprocessing,which presentsthe characterscodedby SC 2. SC

18 standardsincludethefont standard,ISO/IEC9541,andtheglyph registrationstandard,

ISO/IEC 10036. The Associationfor Font Information Interchange(AFII) maintainsthe

10036glyph registryon behalfof ISO.

� Character: A memberof a set of elementsusedfor the organization,control, or

representationof data.(ISO/IEC10646-1:1993)

� CodedCharacter Set: A set of unambiguousrules that establishesa characterset

andtherelationshipbetweenthecharactersof thesetandtheir codedrepresentation.

(ISO/IEC10646-1:1993)
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� Font: A collectionof glyph imageshaving thesamebasicdesign,e.g.,CourierBold

Oblique.(ISO/IEC9541-1:1991)

� Glyph: A recognizableabstractgraphicsymbolwhich is independentof any speci�c

design.(ISO/IEC9541-1:1991).

Indian languageelectroniccontentsis scripteddigitally usingfonts. A font is a setof

glyphs(imagesor shapes)representingthe charactersfrom a particularcharacterset in a

particulartypeface.Glyphsaregeneratedby font developersby consideringthe frequency

it appearsin thescriptandtheplace/positionwherethey appear. In typography, a typeface

is a coordinatedsetof glyphsdesignedwith stylistic unity. A typefaceusuallycomprises

analphabetof letters,numerals,andpunctuationmarks;it mayalsoincludeideogramsand

symbols,or consistentirelyof them.A glyphis aparticularimagethatrepresentsacharacter

or partof a character. Glyphsdo not correspondone-to-onewith characters.A font family

is typically a groupof relatedfontswhich vary only in weight,orientation,width, etc,but

not design. Commonfont formatsareMETA-FONT, “PostScript”Type 1, TrueType and

OpenType.A font maybeadiscretecommoditywith legal restrictions.For moredetailson

Indianfonts,pleasereferto AppendixB.2 to B.13.

2.3 A PHONETIC TRANSLITERA TION SCHEME

Transliterationis themethodof writing scriptof onelanguageusingthecharactersof another

language(usuallyEnglish).To convenientlyprocessthetext by computermostof thetime

theIndiantext contentis convertedandstoredin theseformats.Eventhey occupy lessspace

on the computer. Hencethey could be consideredasone of the storageformats. There

exist many suchtransliterationschemesfor Indian languageslike RomanWX, ITRANS

etc., to key-in the Indian languagescripts. Using theseschemes,text of Indian languages

canbe written usingEnglishcharacters.This is a tremendousfeature,which lets you use

your standardEnglishkeyboardwith no changeswhatsoever, to createdocumentsin Indian

languages.Thefocusof theseschemeswasmainly to representtheIndianlanguagescripts

andpaidlessattentionontheimportanceof userreadabilityaspect.But theuseris concerned
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with how to key-in theIndianlanguagescripts.IT3 [5] is atransliterationschemedeveloped

by IISc Bangalore,India andCarnegie Mellon University with the primary focuson user

readabilityof thetransliterationscheme[18].

Following �gures shows someIT3 phones2 for Indian languages.Fig. 2.5 shows IT3

vowel phonesfor Indian languageswhereasFig. 2.6 shows part of consonantphonesfor

Indianlanguages.For remaininglist of IT3 phones,pleasereferto AppendixA.1.

Fig. 2.5: IT3 vowel phonesfor Indianlanguages.

Thefollowing arethesalientpointsof this transliterationscheme.

1. It is case-insensitive.

2. This schemeis phoneticin nature,thecharacterscorrespondto theactualsoundthat

is beingspoken. Thusa singletransliterationschemeis usedfor all the Indian lan-

guages,asthey sharethesamesetof sounds.

3. Eachcharacter(correspondingto a phone/sound)shouldbenot morethanthreelet-

terslength.

2IT3 schemeusesthesymbols/'/ with /:/ and/-/ with / /̃ interchangeably.
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Fig. 2.6: IT3 consonantphonesfor Indianlanguages(a portion).

4. Thereshouldbeminimaluseof punctuationmarksin thecompositionof a character

However, attentionshouldbe paid to the following issuein usingIT3 notations. IT3

beingphoneticin nature,a character̀ k' representsa consonantsound/k/ andthereis no

notion of inherentvowel (short /a/) associatedwith the consonantsound. Thusto get the

syllable/ka/ onehasto write a sequenceof two characters̀ka'. The issueis whetherthe

IT3 character̀k' shouldbemappedto thehalf-formof theconsonant/k/ or to theconsonant

symbol,i.e., thesyllable/ka/which is a CV unit. As IT3 is asoundbasedscheme,it covers

mostof thesoundunitsof any new languageandany new soundunit canbe addedto the

existing IT3 codesto supporta new language.Thusit is generalizedandextendablealsoto

anew language.
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2.4 NEED FOR HANDLING FONT-DATA

Thereis a chaosasfar asthetext in Indianlanguagesin electronicform is concerned.Nei-

thercanoneexchangethenotesin Indianlanguagesasconvenientlyasin Englishlanguage,

nor canoneperformsearchon texts in Indian languagesavailableover the web. This is

sobecausethe texts arebeingstoredin ASCII (asapposedto Unicode)basedfont depen-

dentglyph codes.A largecollectionof text corpusassumesprimaryrole in building many

languagetechnologiessuchaslarge vocabulary speechrecognitionor unit selectionbased

speechsynthesissystemfor anew language.In thecaseof Indianlanguages,thetext which

is availablein digital format(on theweb)is dif�cult to useasit is becausethey areavailable

in numerousencoding(fonts) schemes.Applicationslike screenreadersdevelopedfor In-

dianlanguagesandotherapplicationshave to reador processsuchtext. Giventhatthereare

23 of�cial Indianlanguages,andtheamountof dataavailablein glyphbasedfont encoding

is muchlarger thanthe text contentavailablein UnicodeandISCII format. So it is impor-

tantto haveagenericframework for automaticidenti�cation of font-typeandconversionof

font-datato aphonetictransliterationscheme.

Theglyphsareshapes,andwhen2 or moreglyphsarecombinedtogetherform a char-

acterin thescriptsof Indianlanguages.To view thewebsiteshostingthecontentin apartic-

ular font-typethenonerequiresthat font to be installedon local machine.As this wasthe

technologyexistedbeforetheeraof Unicodeandhencealot of electronicdatain Indianlan-

guagesweremadeandavailablein thatform. Thesourcesfor thesedataarenews websites

(mainly), Universities/Institutesandsomeotherorganizations.They areusingproprietary

fonts to protecttheir data. Collectionof thesetext corpora,identifying the font-typeand

conversionof font-datainto a phoneticallyreadabletransliterationschemeis essentialfor

building many naturallanguageprocessingsystemsandapplications.

A characterof Englishlanguagehasthesamecodeirrespectiveof thefont beingusedto

displayit. However, mostIndianlanguagefontsassigndifferentcodesto thesamecharacter.

For example(Fig. 2.7) `a' hasthesamenumericalcode`97' irrespectiveof thehardwareor

softwareplatform.
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Considerfor exampletheword “hello” written in theRomanScriptandtheDevanagari

Script.

Fig. 2.7: Illustrationof glyphcodemappingfor Englishfonts.

Arial andTimesNew Romanareusedto displaythesameword. Theunderlyingcodes

for theindividualcharacters,however, arethesameandaccordingto theASCII standard.

Fig. 2.8: Illustrationof glyphcodemappingfor Indian(Hindi) fonts.

The sameword displayedin two different fonts in Devanagari,Yogeshand Jagran

(Fig. 2.8). The underlyingcodesfor the individual charactersareaccordingto the glyphs

they arebrokeninto. Not only thedecompositionof glyphsandthecodesassignedto them

arebothdifferentbut eventhetwo fontshave differentcodesfor thesamecharacters.This

leadsto dif�culties in processingor exchangingtexts in theseformats.

Threemajor reasonswhich causethis problemare: (i) Thereis no standardwhich de-

�nes thenumberof glyphsperlanguagehenceit differsbetweenfontsof aspeci�c language

itself. (ii) Also thereis nostandardwhichde�nesthemappingof aglyphto anumber(code

value)in alanguage.(iii) Thereis nostandardproceduretoaligntheglyphswhile rendering.

Thecommonglyph alignmentorderstartswith left glyph followedby thepivotal character

andfollowed by any of the top or right or bottomglyphs. Somefont basedscriptingand

renderingschememayalsoviolatethisorderandusetheirown.

As alreadymentioned,thebasicwriting unit of anIndianlanguageis an“Akshara”and

is in theform C*V. Whentheconsonantbecomeshalf consonanttheshapechangesandfor
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vowel it becomesaMaatra.Theshapechangesbut thesoundremainssame.Thesedifferent

shapesbecometheglyphsfor a font-type.Sometimesa brokenpartof a characterbecomes

a glyph which doesn't have correspondenceto any sound/character. It will be combined

with othercharactersto producea valid character. The renderingenginerendersa whole

characterby combiningand positioninga set of glyphs appropriately. Becauseof these

reasonsfont-datain Indianlanguagesis veryhardto processor convert to aconsistentform.

2.5 SUMMARY

This chapterelaboratedthenatureof the Indian languagescripts.Also we enumeratedthe

convergenceanddivergencepropertiesof Indian languagescripts.Lensingout thevarious

units/symbolsandAksharasof thosescripts. Adoptedstandardsof digital storageformats

for scriptslike ASCII, ISCII, Unicodeandtransliterationschemesalreadyavailableis dis-

cussed.Explainingfonts andglyphsin Indian context andcomparedthe glyph/codesfor

EnglishandHindi. A implementedtransliterationschemeversionIT3 which we discussed

andusedfor researchpurpose. Finally it addressesthe needfor handlingIndian context

fonts specially. In the next chapterwe aregoing to discussfont-type identi�cation using

TF-IDF weightsbasedmethod.
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CHAPTER 3

IDENTIFICA TION OF FONT ENCODING

The widespreadandincreasingavailability of hugeelectronictextual datafor Indian lan-

guageshasincreasedthe importanceof developinga genericmethodfor font-typeidenti�-

cationof variousnon-standardfont encodings.Justasin any othertext processingsystems,

screenreadershave to pre-processthe raw text databeforegiving it to TTS for synthe-

sizing. Oneof the stepsin pre-processingis font identi�cation. Someforms of raw data

suchasHTML containthe font-typebut in mostcasesthe font-typehasto be identi�ed at

theruntimesuchfor datain MS-word or Notepad.This chapterpresentsour approachfor

identifying thefont-type.

3.1 PROBLEM STATEMENT

Theproblemof font-type(alsoreferredto asfont-encoding)identi�cation couldbede�ned

as:Givenasetof wordsor sentences,identify thefont-typeby �nding theminimumdistance

betweentheinputglyphcodesandthemodelsrepresentingfont-types.

For exampleconsiderawordandits glyphsequenceis shown in the�gure below.

Sotheinputwouldbeasequenceof ASCII valuesof theglyphsequencesuchas.

194195162147233146174253

The issueis to �nd out whetherthis glyph sequencebelongsto Eenaduor Vaarttha

or Amarujalaetc.,. It shouldbe notedthat this identi�cation is doneacrossall font-types

belongingto differentIndianlanguages.
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3.2 RELATED WORK ON FONT-TYPE IDENTIFICA TION

Our problemof identi�cation of font-typeis a classi�cationproblembearingsimilaritiesto

otherproblemssuchasLanguageIdenti�cation 1 andFont-TypeIdenti�cation in OCR(Op-

tical CharacterRecognition)2. In languageidenti�cation, thegoal is to identify thenatural

languageof thegiveninput data.Dif ferenttypesof approachesfollowedin languageiden-

ti�cation areword n-gram,charactern-gram,syllablecharacteristics,morphology, syntax

etc.,. Similarly, thereis a lot of work donefor font-type identi�cation in OCR develop-

mentbut it is little different from the currentproblemasherethe input is imageand the

goal is to identify font-typebasedon font attributessuchassize,styleetc.,. In orderto see

thesimilarity of both theproblemsandthe applicabilityof thoseapproachesfor font-type

identi�cation, a brief review of bothis reportedin this chapter.

3.2.1 RelatedWork in LanguageIdenti�cation

Ingle [19] useda list of short characteristicwords in variouslanguagesandmatchedthe

words in the test datawith this list. Suchuniquestringsbasedmethodswere meantfor

humantranslators.Theearliestapproachesusedfor automaticlanguageidenti�cation were

basedon thatsameideaof uniquestrings.They werecalled“translatorapproaches”.

Beesley's [20] automaticlanguageidenti�er for on-line texts usedmathematicallan-

guagemodelsoriginally developedfor breakingciphers.Thesemodelsbasicallyreliedon

orthographicfeatureslikecharacteristiclettersequencesandfrequenciesfor eachlanguage.

Someof the methodswere similar to n-grambasedtext categorization(Cavnar and

Trenkle) [21] which calculatesandcomparespro�les of n-gramfrequencies.Cavnar also

proposedthattop 300or son-gramsarealmostalwayshighly correlatedwith thelanguage,

while the lower ranked n-gramsgive morespeci�c indicationaboutthe text, namelythe

topic. Many approachessimilar to Cavnar's have beentried, the main differencebeingin

1Languageidenti®cationis theprocessof determiningwhichnaturallanguagethegivencontentis in
2OCRis themechanicalor electronictranslationof imagesof handwritten,typewrittenor printedtext (usually

capturedby a scanner)into machine-editabletext
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the distancemeasureused. The similarity measurestried for languageidenti�cation in-

cludemutualinformationor relative entropy, alsocalledKullback-Leiblerdistance(Sibun

andReynar) [22], crossentropy (TeahanandHarper)[23], andmutualor symmetriccross

entropy (Singh2006).

Giguet[24] reliedupongrammaticallycorrectwordsinsteadof themostcommonwords.

He usedtheknowledgeaboutthealphabetandtheword morphologyvia syllabication.He

tried this methodfor taggingsentencesin a documentwith thelanguagename,i.e.,dealing

with multilingualdocuments.

Johnson'smethod(Stephen1993)wasbasedoncharacteristic̀commonwords' of each

language.This methodassumesuniquewordsfor eachlanguage.In practice,theteststring

mightnotcontainany uniquewords.

Cavnar's method,combinedwith someheuristics,wasusedby Kikui [25] to identify

languagesaswell aslanguage-encodingsfor a multilingual text. He reliedon known map-

pingsbetweenlanguagesandencodingsandtreatedEastAsian languagesdifferently from

WestEuropeanlanguages.

A K Singh [26] usedcharacterbasedn-gramsand notedthe languageidenti�cation

problemhereis thatof identifying bothlanguageandencoding.This is because(especially

for SouthAsian languages)the sameencodingcanbe usedfor more thanone languages

(ISCII for all IndianlanguageswhichuseBrahmi-originscripts)andonelanguagecanhave

many encodings(ISCII, Unicode,ISFOC,typewriter, phonetic,andmany otherproprietary

encodingsfor Hindi). He conducteda studyon differentdistancemeasures.Most of them

arebasedon eitherwell known or basedon well known measures,but theresultsobtained

with themvis-a-visone-anothermight help in gainingan insight into how similarity mea-

sureswork in practice. He hasproposeda novel measureusingmutualentropy resulting

improved performancebetterthanothermeasuresfor the currentproblem. The work de-

scribessomeexperimentson using suchsimilarity measuresfor languageand encoding

identi�cation.

Therehasbeenno comparablesystematicwork on multilingual text documents,al-

thoughtherehasbeensomework basedon an Optical CharacterRecognition(OCR) sys-
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tem,suchasby Tanet al. (1999).Oneattemptat multilingual identi�cation wasby Prager

(1999).His Linguini systemusesavectorspacebasedmonolingualidenti�er to also�nd out

thecomponentlanguagesof a documentandtherelativeproportionsof each.Artemenko et

al. (2006)tried for identifying the languagesin a documentandhave reportedaccuracy of

97%.But neitherof themidenti�ed languagesof segments.

A.K.SinghandJagadeesh[27] extendedthepreviouswork for identifyingthelanguage-

encodingpair for multilingualdocuments.They dividedtheprobleminto threeparts:mono-

lingual identi�cation, enumerationof languagesandidenti�cation of thelanguageof every

portion. For enumeration,they have beenableto geta precisionof 96.20%.They alsoex-

perimentedon languageidenti�cation of eachword. Givencorrectenumeration,they could

obtain type precisionof 90.91%andtoken precisionof 86.80%. They even showed how

precisionis affectedby languagedistance.

3.2.2 RelatedWork in Font Recognitionin OCR

Font recognitionplaysanimportantrole in OCRsystems[28]. Peopletried to achieve it in

asimpleandeffectivewaywith textureanalysisregardingfontsasdifferenttextures.Gabor

�lters with traditionalparameterswereusedto extract texturefeatures.SincetheRecogni-

tion Rate(RR) waslow for similar fontssomeattemptstried someadjustmentto improve

it. Theotherapproachis contentindependentandinvolvesno local featureanalysis.Global

featuresareextractedby textureanalysis.They appliedthewell-established2D Gabor�lter -

ing techniqueto extractsuchfeaturesanda weightedEuclideandistanceclassi�er to ful�ll

therecognitiontask.Experimentsaremadeusing6,000samplesof 24 frequentlyusedChi-

nesefonts(6 typefacescombinedwith 4 styles)andverypromisingresultswereachieved.

In [29], a multi-font classi�cation schemeto help with the recognitionof multi-font

andmulti-sizecharacters.It usestypographicalattributessuchasascenders,descendersand

serifsobtainedfrom a word image.Theattributesareusedasan input to a neuralnetwork

classi�er to producethe multi-font classi�cationresults. It canclassify7 commonlyused

fonts for all point sizesfrom 7 to 18. The approachdevelopedin this schemecanhandle
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a wide rangeof imagequality even with severely touchingcharacters.The detectionof

the font canimprove charactersegmentationaswell ascharacterrecognitionbecausethe

identi�cation of thefont providesinformationon thestructureandtypographicaldesignof

characters.Therefore,this multi-font classi�cationalgorithmcanbe usedfor maintaining

goodrecognitionratesof a machineprintedOCRsystemregardlessof fontsandsizes.Ex-

perimentshave shown that font classi�cationaccuraciesreachhigh performancelevelsof

about95 percentevenwith severelytouchingcharacters.

In [30], simpleandfastalgorithmto detectThai andEnglishcharactersin a document

without doing actualcharactersrecognitionis described.Thedocumentis segmentedinto

stringsof lettersseparatedby ablank,theneachstringis identi�ed usingcharactersfeatures

andtheirwriting positions.Thismethodachieves100%accuracy if thecharactershaveclear

headfeature.But if this featureis not used90%of thestringsstill canbe identi�ed. This

identi�cation providesmoreinformationaboutthecharactersetsothatOCRcanrecognize

fasterwith betteraccuracy.

3.3 TF-IDF APPROACH

As discussedin the above sections,the solutionsfor languageidenti�cation make useof

wordn-gramsor charactern-grams.In usingn-grambasedapproachtypically it is assumed

that thereis suf�cient amountof trainingdatato geta betterestimateof likelihoodscores.

However, in our caseof identi�cation of font-type,we would expectto detectthefont-type

from sparsedatasuchasasingleword, thusapproachessuchasword level n-gramsaretyp-

ically not applicablefor our approach.Theuseof charactern-gramsis anotheralternative,

however, thede�nition of characteris moreapplicableto a languagethanto a font-typeas

thedatacorrespondingto afont-typeareasequenceof bytecodes.At thesametime,theap-

proachesadoptedin font-typeidenti�cation from OCRdealswith imagedata.While there

aremany efforts to identify thelanguage,but few efforts aremadeto identify thefont-type

from sparsetext dataspeci�cally giventhelargenumberof font-typesin Indianlanguages.

Herewe proposeto usevectorspacemodelandTerm Frequency - InverseDocument
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Frequency (TF-IDF) weightsbasedapproachfor identi�cation of font-type.This approach

is usedto weigheachtermin thefont-dataaccordingto how uniqueit is. In otherwords,the

TF-IDF approachcapturesthe relevancy amongterm anddocument.To performTF-IDF

approach,it is essentialto de�ne whata “term” is andwhata “document”is.

� Term: It refersto a unit of glyph. In this work we have experimentedwith different

units suchassingle glyph gi (uniglyph), two consecutive glyphsgi � 1gi (biglyph),

threeconsecutiveglyphsgi � 1gi gi +1 (triglyph).

� Document:Documentrefersthe`font-data(wordsandsentences)in a speci�c font-

type'.

3.3.1 TF-IDF Weights

TheTF-IDF (TermFrequency - InverseDocumentFrequency) weightis aweightoftenused

in informationretrieval andtext mining. Thisweightis astatisticalmeasureusedto evaluate

how importanta word is to a documentin a collectionor corpus.Theimportanceincreases

proportionallyto thenumberof timesa term/wordappearsin thedocument.

Thetermfrequency in thegivendocumentis simply thenumberof timesa giventerm

appearsin thatdocument.Thiscountis usuallynormalizedto preventabiastowardslonger

documents(which may have a higher term frequency regardlessof the actualimportance

of that termin thedocument)to give a measureof theimportanceof thetermt i within the

particulardocument.

tf i =
niP
k nk

(3.1)

with ni beingthenumberof occurrencesof theconsideredterm,andthedenominatoris

thenumberof occurrencesof all terms.

The documentfrequency is the numberof documentswherethe consideredterm has

occurredat leastonce.
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jf d : d 3 t i gj (3.2)

The inversedocumentfrequency is a measureof the generalimportanceof the term

(it is the logarithmof the numberof all documentsdivided by the numberof documents

containingtheterm).

idf i = log
jD j

jf d : d 3 t i gj
(3.3)

with jD j total numberof documentsin thecorpus

Here`log' is usedin this formulato smoothenthevalues.

jf d : d 3 t i gj : Numberof documentswherethetermt i appears(thatis ni 6= 0) Then

tf idf = tf :idf (3.4)

A high weight in TF-IDF is reachedby a high termfrequency (in thegivendocument)

andalow documentfrequency of thetermin thewholecollectionof documents;theweights

hencetendto �lter outcommonterms.

3.3.2 Usageof TF-IDF Weightsfor Modeling

The motivation for the useof TF-IDF for modeling font-datacomesfrom the fact that

TF-IDF weightsgive the relevancebetweena term andcollectionof suchterms. In font

modeling,we considerthis termcanbecontextual glyph (like sequenceof glyphs)andthe

documentcould be a collectionof suchterms. Becausein Indian languagesAksharasare

formedby combinationsof glyphsandtheseglyphshave differentcodevalues(numbers).

Sothecodecombinationschangefrom font to font. Certainglyphcodecombinationswill be

uniqueto a font-type.Suchcombinationsgethigh TF-IDF weightthanothercombinations

which helpsus to identify the font-type. So in this context, the termrefersa `glyph' or `a

sequenceof glyphs' andthedocumentrefersthe`font-data(wordsandsentences)in a spe-

ci�c font-type'. Herethe glyph-sequencemeansuniglyph (singleglyph), biglyph (current
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andnext glyph) andtriglyph (previous,currentandnext glyph) etc.,.Sothis approachtries

to capturetherelevanceamongglyphsequence,font-typeandfont-data.Thisapproachalso

givesdifferentweightsto a term

� occurringin onefont-type(document)

� occurringin two font-types

� occurringin many font-types

� occurringin all font-types

3.4 MODELING AND IDENTIFICA TION

Data Preparation: For font modelingwe needsuf�ciently enoughdataof that particular

font-type.Sowehavecollectedmanuallyandusedanaverageof 0.12million uniquewords

perfont-type.Weusednearly37differentlyencodedglyphbasedfont data.

Modeling: Generatinga vectorspacemodelfor eachfont-typeusingTF-IDF weights

is known asmodelingthe font-data. For modelingwe consideredthreedifferenttypesof

terms. They are(i) uniglyph (singleglyph), (ii) biglyph (currentandnext glyph) and(iii)

triglyph (previous, currentandnext glyph). And the documentrefersa collectionof data

(wordsor sentences)of aspeci�c font-type.

The procedurefor building the modelsis: First we have taken all the provided data

at onceandalsowe have consideredthreedifferentkinds of termsfor building modelsas

mentionedabove. (i) First stepis to calculatethe term frequency (Eqn (4.1)) for the term

like, thenumberof time thattermhasoccurreddividedby thetotal numberof termsin that

speci�c typeof data. So it will bestoredin a matrix formatof N � 256 for uniglyph,N �

256� 256for biglyphandN � 256� 256� 256for triglyph modeldependingupontheterm.

Where'N' denotesthenumberof differentdatatypesand256(0 to 255) is themaximum

numbervaluefor a singleglyph. (ii) Secondstepis to calculatedocumentfrequency (Eqn

(4.2)) like, in how many differentdatatypesthat speci�c term hasoccurred. (iii) Third

stepis to calculateinversedocumentfrequency (Eqn (4.3)) like, all datatypesdivided by
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thedocumentfrequency. Logarithmof inversedocumentfrequency is takenfor smoothing

purpose. (iv) Fourth stepis to computeTF-IDF which is calculatedlike term frequency

* inversedocumentfrequency (Eqn (4.4)). Finally that matrix will be updatedwith these

values. The commontermsacrossthe different font-typedocumentsget zerovaluesand

othertermsget non-zerovaluesdependingupontheir term frequency values. From those

valuesthemodelsfor eachdatatypeis generated.

Identi�cation: Given a setof vectorsgeneratedout of a sequenceof glyph codesthe

objective is to identify the font-typeby �nding the minimum distancebetweenthe query

vectorandthevectorspacemodels.Thestepsinvolvedin identi�cation of font-typeareas

follows:

� Extractterms(glyphcodes)from theinputwordor sentence

� Createthequeryvectors(uniglyphor biglyph etc.,)usingtheseterms

� Computethedistancebetweenthequeryvectorsandall themodelsof font-typeusing

TF-IDF values

� The input word is saidto be originatedfrom the modelof font-typewhich givesa

maximumTF-IDF weightage

� GettheTF-IDF weightof eachwordof sentencefrom themodelsof all font-types

3.5 RESULTS OF FONT IDENTIFICA TION

TestData: It is typically observedthatTF-IDF weightsaremoresensitive to the lengthof

query. Theaccuracy increaseswith theincreasein thelengthof testdata.Thustwo typesof

testdatawerepreparedindependentlyfor testing.Oneis setof uniquewordsandtheother

oneis setof sentences.

TestingCriteria: While testingwe areidentifying theclosestmatchingmodelsfor the

giveninputs.And weareevaluatingtheidenti�cation accuracy in (%) asgivenbelow.

Accuracy =
Correct
Total

(3.5)
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WhereCorrect : numberof correctly identi�ed tokensandTotal : total numberof

tokens.

Testing: Theaccuracy of a font-typeidenti�cation dependson variousfactors:

� Thenumberof encodingsfrom which theidenti�er hasto selectone

� Theinherentconfusionof onefont encodingwith anotherand

� Thetypeof unit usedin modeling.

For a given `X' numberof different inputs we identi�ed the closestmodelsandcal-

culatedthe accuracy. It is done(repeatedly)for various(uniglyph, biglyph and triglyph)

categories.Theresultsaretabulatedbelow.

Font-TypeIdenti�cation Results: Thetestingis donefor 1000uniquesentences(Set1)

andwordsobtainedfrom 1000uniquesentences(Set2) perfont-type.Theevaluationresults

aretabulatedbelow. We have addedEnglishdataasalsooneof thetestingdataset,andis

referredto as“English-Text”. Table3.1showstheperformanceresultsfor uniglyph(current

glyph)basedmodels;Table3.2showstheperformanceresultsfor biglyph (currentandnext

glyph) basedmodelsandTable3.3 shows the performanceresultsfor triglyph (previous,

currentandnext glyph)basedmodels.FromTables3.1, 3.2and3.3,it is clearthattriglyph

seemsto bean appropriateunit for a term in the identi�cation of font-type. It canalsobe

seenthat the performanceat word andsentencelevel is nearly100%with triglyph. The

resultsalsogivesthenotionthattheperformanceincreaseswhenlargertheglyph-sequence

takenfor building font-typemodels,subjectto reasonablecoveragein thetrainingdata.

3.6 SUMMARY

This chapteranswerswhereandwhy we needfont-typeidenti�cation. Screenreaderappli-

cationasanexamplewasdiscussedalongwith challengesandpracticalusage.In thischap-

terwe haveproposedTF-IDF weightsbasedapproachfor font-typeidenti�cation. We have

explainedtheTF-IDF weightcalculationandhow thatis usedfor modelingusinguniglyph,

biglyph andtriglyph. Identi�cation resultsfrom differentmodelsshow that the triglyph or
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Table3.1:Font-typeidenti�cation: Uniglyph(currentglyph)basedfontmod-
elsperformance.

Identi®cation Accuracy Identi®cation Accuracy

Font Name (Sentences) (Words)

Amarujala (Hindi) 100% 100%

Jagran(Hindi) 100% 100%

Webdunia(Hindi) 100% 0.1%

SHREE-TEL(Telugu) 100% 7.3%

Eenadu(Telugu) 0% 0.2%

Vaarttha (Telugu) 100% 29.1%

ElangoPanchali(Tamil) 100% 93%

Amudham(Tamil) 100% 100%

SHREE-TAM (Tamil) 100% 3.7%

English-Text 0% 0%

Table 3.2: Font-typeidenti�cation: Biglyph (currentandnext glyph) based
font modelsperformance.

Identi®cation Accuracy Identi®cation Accuracy

Font Name (Sentences) (Words)

Amarujala (Hindi) 100% 100%

Jagran(Hindi) 100% 100%

Webdunia(Hindi) 100% 100%

SHREE-TEL(Telugu) 100% 100%

Eenadu(Telugu) 100% 100%

Vaarttha (Telugu) 100% 100%

ElangoPanchali(Tamil) 100% 100%

Amudham(Tamil) 100% 100%

SHREE-TAM (Tamil) 100% 100%

English-Text 100% 96.3%
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Table 3.3: Font-type identi�cation: Triglyph (previous, current and next
glyph)basedfont modelsperformance.

Identi®cation Accuracy Identi®cation Accuracy

Font Name (Sentences) (Words)

Amarujala (Hindi) 100% 100%

Jagran(Hindi) 100% 100%

Webdunia(Hindi) 100% 100%

SHREE-TEL(Telugu) 100% 100%

Eenadu(Telugu) 100% 100%

Vaarttha (Telugu) 100% 100%

ElangoPanchali(Tamil) 100% 100%

Amudham(Tamil) 100% 100%

SHREE-TAM (Tamil) 100% 100%

English-Text 100% 100%

longerglyph sequencebasedmodelsperformbetter. The following chapterpresentsfont

conversionanda framework to build font convertersfor Indianlanguages.
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CHAPTER 4

CONVERSION OF FONT-DATA

Chapter3 presentedtechniquesfor font-typeidenti�cation. This chapterpresentsthenext

stepin text processing,i.e., font-dataconversioninto aphonetictransliterationformat.Font

conversionmeansconversionfrom glyph (font unit) to grapheme(Akshara - written lan-

guageunit). In typography1, a glyph refersto a particulargraphicalrepresentationof a

grapheme,or a combinationof severalgraphemes(a composedglyph), or only a partof a

grapheme.Graphemes2 includeletters,Chinesecharacters,Japanesecharacters,numerals,

punctuationmarksandotherglyphs.In computingaswell astypography, thetermcharacter

refersto a graphemeor grapheme-like unit of text, asfound in naturallanguagescripts.A

characteror graphemeis a unit of text, whereasa glyph is a graphicalunit. Most glyphs

originatefrom thecharactersof a typeface,whereeachcharactertypically correspondsto a

singleglyph. Thereareexceptionssuchasafont usedfor alanguagewith alargealphabetor

complex writing system,whereonecharactermaycorrespondto severalglyphs,or several

charactersto oneglyph. In graphonomics3, thetermglyph is usedfor a non-character, (i.e)

eitherasub-characteror multi-characterpattern.

Thischapterexplainsthegenericframework for building font convertersandtheprocess

of glyph assimilationfor font-dataconversionin Indian languages.As we alreadyhave

discussedin Chapter2 that the characters(Aksharas)aresplit up into glyphsin font-data

andthesolutionwould bemerging up theglyphsto getbackthevalid character. A generic

framework hasbeendesignedfor building font convertersfor Indianlanguagesbasedonthis

1Typographyis theartandtechniquesof typedesign,modifying typeglyphs,andarrangingtype

2agraphemeis thefundamentalunit in written language
3Graphonomicsis theinterdisciplinary®elddirectedtowardsthescienti®canalysisof thehandwritingprocess

andthehandwrittenproduct
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ideausingglyphassimilationrules.Theframework consistof two phases,in the�rst phase

we build theglyph-maptablefor eachfont-typeandin thesecondphasede�ne andmodify

theglyphassimilationrulesfor eachlanguage4.

4.1 PROBLEM STATEMENT

Theproblemof font-dataconversionis de�ned as:Givenasequenceof glyphstheobjective

is to rearrangeandcombinethemto form avalid character(Akshara)in thelanguage.

For exampleconsiderawordandits glyphsequencein the�gure below.

Sotheinputwouldbeasequenceof ASCII valuesof theglyphsequencesuchas.

194195162147233146174253

The issueis to �nd out how theseglyph sequencescanbe rearranged,combinedand

mappedunambiguouslyto Asksharasof a language.SinceAksharasarerepresentedusing

IT3 transliterationschemein our work a valid outputof thefont-conversionprocessfor the

aboveglyphsequenceis expectedto bek aan' g r es.

4.2 RELATED WORK ON FONT-DATA CONVERSION

Conversionof Indianlanguageelectronicdatato a machineprocessableformathasbecome

anessentialtaskin naturallanguageprocessing.Severalattemptsweremadeat font conver-

sion. While many focusedon text datafew wereon font dataembeddedin images.Many

attemptswerecommerciallydonewherethesourcecodeis not releasedfor freeusein other

applications.Someof suchtoolsaregivenbelow for reference.It is to benotedthateachof

thesetoolswork ononeor a few languagesbut arenotgenericto all Indianlanguages.Also

supportfor anew font is noteasy.
4Assimilation is the processof receiving new factsor of respondingto new situationsin conformity with

whatis alreadyavailableto consciousness
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(a) TBIL Data Converter [31]: TheTBIL DataConverteris a handytool for thequick and

effective transliterationbetweendatain font/ASCII/Romanformat in Of�ce docu-

mentsinto a Unicodeform in any of 7 Microsoft supportedIndian languages.It is

developedfor theBhashaproject.

(b) FontSuvidha[32]: A tool for DevanagariFont Conversion. It allows font conversion

within DevanagarifontslikeTimesNew Romanto Arial in English.Now it alsosup-

portsany Devanagarifont to Unicodefont andviceversa.It worksonany document

typelikeDOC,MDB, XLS, TXT, HTM aswell asanything in theclipboard.

(c) IConverter [33]: A utility programfor variouscodeconversions.Theprogramusesthe

library `isciilib' for codeconversion. The inputs to the programare: (1) Con�gu-

ration �le (2) Sourcecode�le. The codeconversionis doneaccordingto the rules

speci�ed in the con�guration �le. If, no matchingrule(s) is found for any particu-

lar code,thecodeis passedunchangedto theoutputstream.Thecon�guration �les

for variouscodeconversionsareprovided. Con�guration �les for differenttypesof

conversionscaneasilybewritten. Thisprogramis developedat IIT Kanpur.

Thefollowing arefreelyreleasedattemptsin font conversion.Sincethey releasedpaper

or documentationto referthey providemoreinsightto understandtheproblem.Weexplored

andextendedthemto cover all Indian languages.They followed differentapproachesfor

differentpurposessotheoutputalsovaries.Onethingwewould like to mentionhereis that

they workedon few (maybe2 or 3) Indianlanguagesonly.

(a) AksharBharatietal. [34] havetriedtogenerateconvertersbetweenfontssemi-automatically.

SinceIndianlanguagetextsdonot follow any codingstandards,thelongtermanswer

mightbeswitchto astandardalphabeticcodingscheme(ACII - AlphabeticCodefor

InformationInterchange).Basedonthisconceptthey developedasystem(converter)

for Devanagarifonts. The systemtakes: (i) a text in an unknown codingscheme

(font) and(ii) thesametext transliteratedin theACII codingscheme,andgeneratesa

converterbetweenthegivenunknown codingschemeandACII. Theconvertercanbe

usedto converta text from thenon-standardcodingschemeto ACII, andback.It can
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be progressively re�ned, manually. For generatingthe converter, a glyph-grammar

for thescriptof thelanguageis alsoneeded,which speci�eswhatpossibleglyphse-

quencesmake up anAkshara.Thegrammaris independentof thecodingschemes,

andis structured.It needstobedevelopedonly once,for ascript.Theglyph-grammar

canhave at leastthreetypesof rules: Type 1 rulesareapplicableacrossall the In-

dian languageslike schwa (`a' sound)deletionfrom anAkshara,Type 2 ruleshold

for Devanagari,andperhapsfor otherscripts. Type3rulespertainto idiosyncratic

combinationof glyphsfor thatparticularstyle.

Drawbacks: Someglyphsmightremainunconvertedbecausethetrainingdata(namely,

thegivenACII �le andthecorrespondinginitial partof glyph�le) mightnotbecom-

prehensive, andtheprogrammight not have seensomeglyphsasthey do not occur

in this learningdata.It is hopedthatoncea largepartof the�le is converted,theuser

will beableto supplythemissingcodemapandthe rulesmanually, (by looking at

theremainingpartof theglyph �le andmakingintelligentguesses)usingwhich the

converterwouldbecomecomplete.

Result:Theoverall converter, it is expected,will beableto convert 90 to 95%of the

glyphswith a pageor two of sampleACII text.

(b) Garg [35] hasworkedon overcomingfont andscriptbarriersamongIndian languages

asan extensionof the work doneby AksharBharati(et al.). He tried two different

approachesfor building font converters. (i) First oneis Glyph Grammarbasedap-

proach.Heredescriptionof eachglyph in thefont is givenusingmnemonicsin the

font glyph description�le. If a glyph hasequivalentISCII/Unicodecharactersthe

equivalentsaregiven. Otherwise,a mnemonicis used.A samplemnemonicwould

belike“&TC1@2” wheretop, left, right or bottomandwholecharacterandposition

in that character. Mnemonicsareusedto list all the smallestpossiblelogical units

thataglyphcanbeapartof. A logicalunit is aglyphor agroupof glyphscombined,

that canbe encodedby the Unicode/ISCIIencodingsystem.Time canbe reduced

if mnemonicsarereusedfrom a font thatcontainssimilar glyphs. Someamountof
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manualeditingmayberequiredto make corrections.Theuserspeci�esthevarious

logicalunitsaglyphcanbeamadeof. Theprogramusesthecontext to decidewhich

logicalunit theglyphalongwith its neighborsgetsconverted.Theinformationabout

glyphscanbeobtainedfrom theglyph tableof a font.

Drawbacks: (i) It is dif�cult to list all possiblesemanticsfor a glyph. (ii) Some

trainingin understandingthenotation(andthenatureof script)is requiredto beable

to describenew glyphs.

Results: Devanagari(Jagran/ Kruti / Shusha)90% andTelugu(Eenadu/ Vaarttha)

75%.

(ii) Secondoneis Finite StateTransducerbasedapproach.Thisapproachusesexam-

ple basedmachinelearningtechniquesto generateFinite StateTransducers.Trans-

ducerlearningalgorithmshave beenusedin the EUTRANS projectwhich aimsat

usingexamplebasedapproachesfor theautomaticdevelopmentof machinetransla-

tion systemsfor limited domainapplicationsandhavebeenshown to givealow word

errorrate.TheseFiniteStateTransducerscanbeautomaticallylearnedfrom syllable

mappingsof font encodedtext to Unicodetext. TheFinite StateTransducersencode

thecorrespondencebetweenglyphsandequivalentISCII/Unicodecharacters.These

canbe automaticallylearnedfrom parallelcorpora.The input to theseis a parallel

list of syllables.Thetrainingsetconsistsof a parallelcorpusconsistingof syllables

asa sequenceof glyphsandtheir translationinto ISCII. Thesetransducersoffer a

clearadvantageoverotherstatisticalmachinelearningtechniques,in thatthemodels

that they depictareeasilyinterpretableby humans.As a resultthey arepotentially

modi�able to suit one's needs.Moreover domainknowledgeaboutthe input or the

outputcanbeincorporatedto improvetheir performance.

Drawbacks: (i) �nite statetransducerscannotlearnglyph movement.(ii) theexam-

plesrequiredfor trainingmustbeunitssmallerthanwholewords.

Results: Devanagari(Jagran/ Kruti / Shusha)98% andTelugu(Eenadu/ Vaarttha)

93%.
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(c) KhudanpurandSchafer[36] have followed a new approachin font conversion. They

haveusedtwo kind of mapping�les for a font character(glyph). Oneis CHARMAP

�le which givesa mappingbetweenthe charactercodes(in ASCII) to a ITRANS

characterstringlikegivenbelow.

159= shr

168= i.n

177= h

126= @3

154= .N

Theotheris CLASSMAP�le whichgivesamappingbetweenthecharactercodes(in

ASCII) to aclassde�ned by themlikegivenbelow. Theseclassesprovide thenotion

abouttheplaceof occurrenceandotherinformations.

255LFRAG (Left Fragment)

22 RFRAGxV (Right FragmentVowel)

205SYL (Syllableor Akshara)

209RFRAG (Right Fragment)

While converting the font text, they retrieve thecharactercodevalue(in ASCII) of

thatcharacterdelimitedby spaceandwordboundaryby “;”. Eventhoughthis format

occupiesmorespaceandtakesmoreprocessingtime,compromisedin theinterestof

convenience.In the next stepthroughsomewell de�ned rulesfor syllablesin one

font they extract the syllablesof the word. For eachsyllable they performvowel

assimilationto reveal the original vowel. Furtherprocessingis doneto convert to

ITRANS. They have reportedthis on Devanagarifonts. They insist on rapid font

converter building than on the accuracy (which was believed to be achieved with

someadditionalmodi�cations).

(d) Kumaret al. [37] have worked on developingsemi-automatedor automatedtools for

developingOCRsfor Indian scripts. Basedon study on the natureor featuresof
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Indianlanguagescripts,they identi�ed four mainproblemsin developmentof OCRs

like(a)thenumberof lettersin thealphabet,thetypicalnumberbeing50,(b) richness

of thestructureof basicunit in thelanguageasthecombinationof upto 3 consonants

and 1 vowel forms the basicunit, (c) the variationsin the graphicalform of the

differentcombinationseven within the samescript, and (d) non-adherenceto any

standardstructurewhiledesigningthefonts.It is tobenotedthatthey haveworkedon

imagedata.They collectedlargedata(imagesof printedhardcopies)for trainingas

well asfor testing.Thesegmentationalgorithmis designedto producethesegments

(graphemes)of the imagesthensuitablefeaturesareextracted. The boundariesof

thesegmentsaretunedbasedon theoutputon thetrain data.TheOCRis thentested

againsta new script's dataand tuned. They found it working well but they face

problemwhenthefont sizeis small.

The inferencefrom above discussedworksare(i) mappingbetweentheglyph codeto

somemetaformatlike phoneticnotationor somegrammaris essentialand(ii) on this meta

dataeither ruleshave to be de�ned or the machinehasto be trainedto learnusingsome

parallelcorpora. To achieve the maximumperformancefollowing requirementsareto be

met.

� themappingfrom glyphcodesto ametanotationshouldbeunambiguous.

� in rule basedconversion,stageby stageconversionhasto happen.And thosestages

shouldbein aspeci�c order.

� in machinelearningbasedconversion,the parallelcorporashouldhave coveredall

possiblecombinations.

� manualinterventionor correctionsshouldbeminimal.

In our work, we do anunambiguousglyph codemappingby attachingthepositionnumber

alongwith thephoneticnotation. We have identi�ed thedifferentstagesin theconversion

andhave orderedthemaccordingto their precedence.We have written well de�ned rules

undereachstage.Earlier approachesneedthe effort to be repeatedfor eachfont whereas
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in our approachthe effort is for only threedifferent fonts of different font-families of a

languageto build theconverter. To addanew font, only glyph-maptableis requiredandno

morerepetitionof effort. Henceweprovideasolutionateachlanguagelevel andanew font

couldbeaddedeasily.

4.3 EXPLOITING SHAPE AND PLACE INFORMA TION

As we have seenalreadyin Chapter3 (couldalsobeobservedfrom Fig. 4.1 andFig. 4.2),

the naturalshapeof a vowel or consonantchangeswhen they becomehalf-consonantor

Maatrarespectively. Thesesymbolsget attachedin differentplaces(top, bottom,left and

right) while forminganAkshara.For instanceif weconsiderthecharacter/r/, theshapeand

placeof attachmentin theAksharaaredifferentacrosslanguages.Fromthebelow shown

�gures, Fig. 4.1showshow /r/ changesits shapeandplacein Hindi andFig. 4.2showshow

/r/ changesits shapeandplacein Telugu.In thiswork we intendto capturetheinformation

regardingthechangeof theshapeof Aksharadependingon theposition,andincorporateit

in our font-dataconversionprocess.

Fig. 4.1: Shapeandpositionchangefor /r/ in Hindi.

Fig. 4.2: Shapeandpositionchangefor /r/ in Telugu.

Thenovelty of our approachlies in exploiting positionalinformationof a glyph in Ak-

sharato performthe conversion. We exploit this information for building the glyph-map

tablefor a font-type. It is possiblefor a native speaker of the languageby looking at the

shapeof the glyph to saywhetherthat glyph occursin center, top, left, right, bottompo-
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sition of an Akshara. Thuswe followed a simplenumbersystemto indicatethe position

informationof aglyph.

� Glyphswhichcouldbein pivotal (center)positionarereferredby code0/1.

� Glyphswhichcouldbein left positionof pivotalsymbolarereferredby code2.

� Glyphswhichcouldbein right positionof pivotalsymbolarereferredby code3.

� Glyphswhichcouldbein toppositionof pivotalsymbolarereferredby code4.

� Glyphswhichcouldbein bottompositionof pivotalsymbolarereferredby code5.

Following �gures depictthepositionnumberassignmentto glyphs.Fig. 4.3shows the

positionnumberassignmentfor glyphsfor Hindi andFig. 4.4 for Telugu.In thetop portion

of the �gure it shows the word consideredhereandright below it distinguishesdifferent

positionspictorially.

Fig. 4.3: Assigningpositionnumbersfor Hindi glyphs.

Independentvowelsareassigned̀0' or nothingaspositionnumber. All thedependent

vowelsknown as“Maatras”occurat left or right or topor bottomsideof apivotalcharacter

(vowel). So they areattachedwith positionalnumberslike 2 (left), 3 (right), 4 (top) and5

(bottom). This is commonfor vowelsacrossall Indian languages.Most of theconsonants

will be eitherfull or half andoccurat center. So accordinglythey areassigned0 or 1 as

positionalnumber. Someof thehalf consonantsalsooccurrarelyat the left, right, top and

bottomof afull character. They areassignedapositionalnumberlike2,3,4 and5 according
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Fig. 4.4: Assigningpositionnumbersfor Teluguglyphs.

to their place.But thesearespeci�c to someIndian languagesbut arenot commonfor all

Indianlanguages.

4.4 BUILDING GLYPH-MAP TABLE

Glyph-Maptableis a maptablewhich givesa mappingbetweentheglyph code(0 to 255)

to a phoneticnotation.This tablegivesus thebasicmappingbetweentheglyph codingof

thefont-typeto anotationof a transliterationscheme.As anovelty in ourapproachwehave

attachedsomenumberalongwith thephoneticnotationto indicatethepositionof occurrence

of thatglyph in thatAkshara.Thevariouspositionor placesof occurrenceof suchglyphs

are: left, right, top andbottomof a pivotal character. The way the positionnumbersare

assignedis `0' or nothingfor a full character(eg: e, ka), `1' for a half consonants(eg: k1,

p1), `2' for glyphsoccurat left handsideof a pivotal character(eg: i2, r2), `3' for glyphs

occurat right handsideof a pivotal character(eg: au3,y3), `4' for glyphsoccurat top of a

pivotal character(eg: ai4, r4) and`5' for glyphsoccurat bottomof a pivotal character(eg:

u5, t5).

To illustratewith somereal font text we have givenbelow in the Fig. 4.5 theposition

numbersfor glyphs. Glyphsoccurin differentplacesor positionsaregroupedin different

colors. We have coveredvowel glyphs as well as consonantglyphs here. For more on

glyph-mappingfor differentIndianlanguages,pleasereferto AppendixB.2 to B.13.

48



Fig. 4.5: Examplesfor assigningpositionnumbersfor glyphs.

The position numbersalong with the phoneticnotationhelp us to form well distin-

guishedglyph assimilationrules,becausewhensimilar glyphsareattachedin differentpo-

sitionsthey form differentcharacters.For eachandevery font in a languagetheglyph-map

tablehasto be preparedmanuallyin this way. That meansthe glyph-maptableconverts

differentfont encodingto a metadatawhich is in a phoneticnotation. It is observed that

whenwe do suchglyph-mappingfor threedifferentfonts of a languagewe have covered

almost96%of possibleglyphsin a language.

4.5 GLYPH ASSIMILA TION

Glyph Assimilation is known asthe processof merging two or moreglyphsandforming

a singlevalid character. This happensin many levels like consonantassimilation,Maatra

assimilation,vowel assimilationandconsonantclusteringandin thatorder.

The identi�cation of differentlevels andorderingthemis anotherimportantthing we

presenthere. Broadly they canbe classi�ed into four levels. They are languageprepro-

cessing,consonantassimilation,vowel assimilationandschwa deletion. Under language

preprocessinglevel, languagespeci�c modi�cations like HalantandNukta modi�cations
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arecarriedout �rst. Becauseafter this processonly valid characterglyphs(andnot sym-

bols)areallowed.Thenext stepis to reconstructthepivotalconsonantin anAksharaif it is

present.Thiscanbedoneunderthreesub-levelslikeconsonantassimilation,consonantand

vowel assimilationandconsonantsclustering.Thenwe canform thevowels from the left

outglyphs.Finally wehave to dotheschwadeletionbecausewhenaconsonantandMaatra

mergetogether, theinherentvowel (schwa)hasto beremoved.

This assimilationprocesshasbeenobservedacrossmany Indian languagesandfound

that they follow certainorder. The orderis: (i) Modi�er Modi�cation, (ii) LanguagePre-

processing,(iii) ConsonantAssimilation, (iv) Consonant-Vowel Assimilation, (v) Maatra

Assimilation,(vi) Vowel-MaatraAssimilation,(vii) ConsonantsClusteringand(viii) Schwa

Deletion.Theideais to �rst revealthepivotalconsonantin anAksharaandthenthevowels.

Fig. 4.6 shows how the font conversionis happensin Hindi with an exampleword.

First phasegivestheoutputin metanotationandthesecondphasere-orders,modi�es and

assimilatesthe Aksharasbasedon rules. Finally the positionalnumbersget removed to

revealtheconvertedword in aphonetictransliterationform.

Fig. 4.6: GlyphAssimilationProcessfor Hindi.

Fig. 4.7showsasimilarexamplefor Telugu.
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Fig. 4.7: GlyphAssimilationProcessfor Telugu.

4.6 RULES FOR GLYPH ASSIMILA TION

Glyphassimilationrulesarede�ned by observinghow thecharactersarebeingrenderedby

therenderingengine.Eachruletakesacombinationof two or moreglyphsin acertainorder

andproducesavalid character. Thiswaywehavede�nedasetof rulesfor eachlevel andfor

everylanguageseparately. Sincethey arewrittenin thephonetictransliterationscheme(IT3)

it is easilyunderstandable.Theremaybesomecommonrulesacrossmany languagesand

somespeci�c rulesfor alanguagealso.Thedifferentrulesundereachandeverycategoryare

explainedwith someexamplesbelow. Theserulescanbemodi�ed or rede�nedwhenever

it is required.For a completelist of glyph assimilationrulesper language,pleaserefer to

AppendixC.1to C.9.

(i) Modi�er Modi�cation is the processwherethe charactersget modi�ed becauseof the

languagemodi�ers likeHalantandNukta.Eg:

(a) ta+ Halant= t1 (Hindi) (Halantbasedschwadeletion)

(b) d'a + Nukta= d-a(Hindi) (Nuktabasedmodi�cation)
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(c) n: + Halant= r1 (Telugu)(Halantbasedmodi�cation)

(ii) LanguagePreprocessingstepsdealwith somelanguagespeci�c processinglikeEg:

(a) aa3+ i3 = ri (Tamil) (r,ri,rii modi�cations)

(b) r4 (REF)movesin front of theprevious�rst full consonant(Hindi) (REFmove-

ment)

(c) r3 movesin front of theprevious�rst full consonant(Kannada)(Arkka votthu

movement)

(iii) ConsonantAssimilationis known asmerging two or moreconsonantglyphsto form a

valid singleconsonantlikeEg:

(a) d1 + h5 + a4= dha(Telugu)(Consonantsda+ haassimilateto dha)
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(b) tta + k3 = kta (Bengali)(Consonantstta + k3 assimilateto kta)

(iv) Consonant-VowelAssimilationis known asmerging two or moreconsonantandvowel

glyphsto form a valid singleconsonantlikeEg:

(a) va+ uu3= maa(Telugu)(Consonant+ Maatraassimilation)

(b) kshh1+ aa3= kshha(Gujarati)(Consonant+ Maatraassimilation)

(c) y1 + u3 = ya (Kannada)(Consonant+ Maatraassimilation)

(v) Maatra Assimilationis known asmerging two or moreMaatraglyphsto form a valid

singleMaatralikeEg:

(a) aa3+ e4= o3(Hindi) (Maatraassimilation)

(b) e4+ ai5 = ai3 (Telugu)(Maatraassimilation)

(c) e2+ e2= ai3 (Malayalam)(Maatraassimilation)
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(vi) Vowel-Maatra Assimilationis known asmergingtwo or morevowel andMaatraglyphs

to form avalid singlevowel likeEg:

(a) a + aa3= aa(Hindi) (Vowel assimilation)

(b) e2+ e = ai (Malayalam)(Vowel assimilation)

(vii) ConsonantClusteringin known asmerging thehalf consonantwhich usuallyoccurs

at theleft, right andbottomof apivotalcharacterto thefull consonantlikeEg:

(a) ma+ b5 = mba(Bengali)(b5consonantclustering)

(b) r2 + t1 + a4= tra (Telugu)(r2 consonantclustering)

(c) ma+ y3 = mya(Malayalam)(y3 consonantclustering)

(viii) TheSchwaDeletionis deletingtheinherentvowel /a/ from a full consonantin neces-

saryplaceslikeEg:

(a) va+ ii3 = vii (Hindi) (Maatrabasedschwadeletion)
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4.7 PERFORMANCE ANALYSIS

DataPreparation: In thedevelopmentphasefor eachfont, `N' differentsetsof wordswere

preparedfor eachiterationto de�ne theassimilationrules. In thetestingphase,500unique

wordsfrom anew font wereusedto checktheconverterperformance.

Training: At beginningasimpleconverteris built with minimalglyphassimilationrules.

The converteris testedwith the �rst setof wordsby generatingthe output. Thena native

speaker (or a linguist) is asked to evaluatethe output. He/shegivesthe evaluationresults

besidesthecorrectionfor thewronglyconvertedwords.Basedon thatinput thetheexisting

rulesaremodi�ed or a new rule is added.Again the updatedconverter is testedwith the

next setof words.Thefeedbackis collectedandmodi�cation or updateof therulesis done.

This processis repeateduntil we reachnoneor minimal conversionerrors.This processis

repeatedfor anotherfont of thelanguage.It is foundsuf�cient to train threedifferentfonts

of differentfont-familiesfor eachlanguage.At theendof thisprocesswewill behaving the

converterfor thatlanguage.

Testing: We passa setof 500 wordsfrom a new font of that languageto the already

built font converter. The outputis againevaluated.This is consideredasthe performance

accuracy of thatfont converter.

Evaluation: Wehavetaken500uniquewordsperfont-typeandgeneratedtheconversion

output.Theevaluationsresults(Table4.1)show thatthefont converterperformsconsistently

evenfor a new font-type. So it is only suf�cient to provide theglyph-maptablefor a new

font-typetogetagoodconversionresults.In theTable4.1thirdcolumnshowseithertraining

or testing.Traininginvolvesa setof fontsconsideredfor de�ning andrede�ning theglyph

assimilationrules for a languagewhile building the converter. Testinginvolvesa font is

usedto test or evaluatethe alreadybuilt font converterof that language.Here for some

languages(likePunjabi,BengaliandOriya) testingwasn't carriedoutsincewecouldn't �nd

moredownloadablefonts. In the caseof Telugu,the numberof glyphsandtheir possible
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combinationsarelarger thanotherlanguages.Also it is commonfor all Indian languages

that the pivotal characterglyph comes�rst andothersupportingglyphscomenext in the

script(Section2.4).But in Teluguthesupportingglyphsmaycomebeforethepivotalglyph

whichcreatesambiguityin formingassimilationrules.Hencetheconverterperformedlower

thanotherconverters.Theconversionresultsaretabulatedbelow in Table4.1.

4.8 RAPID FASHION OF BUILDING FONT CONVERTERS

Theotheraim of this researchis to �nd amethodto build font convertersrapidly for Indian

languages.We have achievedthis by following glyph assimilationprocessto build a single

font converterper language.It is to be notedthat the converteris for all fonts within that

language.Thesefont convertersareworkingbasedonasetof glyphassimilationrules.And

theserulesarede�ned/writtenonametanotationknownaspositionalphoneticnotations.So

theconvertersareindependentof font of a languagebut theglyph-maptablesaredependent

on fonts. To adda new font apartfrom the trainedfonts, oneneedsto prepareonly the

glyph-maptablefor the new font. Using the existing font converterof that language,one

canget theconverteddataby passingtheglyph-maptableandthe input text. For building

theglyph-maptablefor anew font anativespeakerhardlyit takes1-2manhours.

4.9 SUMMARY

In this chapterwe proposedthe genericframework for building font convertersfor Indian

languages,andtherelatedworkswhich provide readilyavailabletools. Two phasesin the

framework glyph-mappingandglyph assimilationis discussed.Shapeandpositioninfor-

mationof the glyph is exploited to do an unambiguousmapping. Handlingthe glyph as-

similation processandvarioustechniqueswith rules have beende�ned undereachstage

with examplesto solve assimilation. Finally font convertersarebuilt using the proposed

methodologyfor gettingoptimumconversionresults.In brief, thechapterexplainshow to

rapidly build a converter for a new font without modifying the existing converterbut by
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Table 4.1: Font-dataconversion:Performanceresultsfor font converters.
Language Font Name Training / Testing Accuracy

Hindi Amarujala Training 99.2%

Jagran Training 99.4%

Naidunia Training 99.8%

Webdunia Training 99.4%

Chanakya Testing 99.8%

Marathi ShreePudhari Training 100%

ShreeDev Training 99.8%

TTYogesh Training 99.6%

Shusha Testing 99.6%

Telugu Eenadu Training 93%

Vaarttha Training 92%

Hemalatha Training 93%

TeluguFont Testing 94%

Tamil ElangoValluvan Training 100%

ShreeTam Training 99.6%

ElangoPanchali Training 99.8%

Tboomis Testing 100%
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Kannada ShreeKan Training 99.8%

TTNandi Training 99.4%

BRH Kannada Training 99.6%

BRH Vijay Testing 99.6%

Malayalam Revathi Training 100%

Karthika Training 99.4%

Thoolika Training 99.8%

ShreeMal Testing 99.6%

Gujarati Krishna Training 99.6%

Krishnaweb Training 99.4%

Gopika Training 99.2%

Divaya Testing 99.4%

Punjabi DrChatrikWeb Training 99.8%

Satluj Training 100%

Bengali ShreeBan Training 97.5%

hPrPfPO1 Training 98%

Aajkaal Training 96.5%

Oriya Dharitri Training 95%

Sambad Training 97%

AkrutiOri2 Training 96%
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minimally providing only theglyph-maptable.Thenext chapterdealswith how thesefont

identi�cation and font conversionmodulesare integratedwith a screenreaderfor Indian

languages.
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CHAPTER 5

RAVI: A MULTI-LINGU AL SCREENREADER

This chapterpresentsa screenreader(viz. RAVI) for Indian languageswhich implements

the text processingtechniquesdescribedin the earlier chapters.RAVI (ReadingAid for

Visually Impaired) [38] is a GUI basedscreenreadingsoftwarefor Indianlanguages.It is

developedbasedon acomprehensiveandintuitivedesignmethodology. Thissystemassists

the userfor navigating throughthe computerand readshelp information basedon event

triggeredor messagepopped.It readsmenu,text boxes,dialogsandall otherwidgetson

thecomputerscreen.It guidestheuserto navigateandto opena programor anapplication

which userwantsto usewithout othershelp. Right from the startingof the computeror

executionof thesoftware,theuseris alwaysprovidedwith adequatevoiceoverandverbosity

to operateit.

Thissoftwareseamlesslyintegrateswith almostall thevariantsof theWindowsoperat-

ing systems.To enabletheend-userto work independentlyusingthis software,we provide

appropriateaudio/speechsupportfor eachlettertyped/keyedwith audioalertsin caseof any

unsupportedkey is pressed.However, themostvital featureof thissoftwareis its supportfor

handlingIndianlanguagesandcompatibilityto usewith MS Of�ce suite,InternetExplorer

andmany othernative windows applications.A laboratorydevelopedText-to-SpeechSys-

temis integratedwithin RAVI to synthesizein Indian languages.Two independentspeech

enginesareinternallyusedby RAVI. Onefor synthesizingEnglishvoiceusing“Microsoft

TTS” [39] systemandotheronefor Indianlanguages“Indian languageTTS” [40] [41] sys-

temdevelopedatIIIT Hyderabad.Ourscreenreaderidenti�es thelanguagespeci�c contexts

andautomaticallyselectsto therespective synthesizer. Thecurrentversionof thesoftware

supports� ve IndianlanguagesnamelyHindi, Telugu,Tamil, KannadaandMarathi.
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5.1 PROPOSEDRAVI ARCHITECTURE

TheproposedRAVI systemarchitecturein Fig. 5.1 is modularbasedandit consistsof three

sub-systems.They are (i) Text Extractorsub-system,(ii) Text Preprocessingsub-system

and(iii) Text-to-Speechsystemssub-system.Thesub-systemsarefurtherdividedinto many

modulesasgivenbelow.

Fig. 5.1: RAVI SystemArchitecture.

� Theforemostis text extractionsub-system,functionallyclassi�edinto:

– (i) WindowsEventHandlerfor capturingthesystemwide eventsandmaintain-

ing therelatedmessagesin stack
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– (ii) Keyboard or MouseInput for interfacingwith theuserto get thekeyboard

command/ mouseclick input

– (iii) Applicationrecognizerfor identifying eventsraisedby which activeappli-

cationor by which objectsuchasbutton,checkboxetc.,and

– (iv) Text extractor for extractingtherelevanttext andsometext features(espe-

cially font name)from the active applicationor objectbaseduponthecurrent

cursorposition.

� Secondlytext preprocessingsub-systemis functionallyclassi�ed into:

– (i) Text encodingor font-typeidenti�er for determiningwhetherthe extracted

text is encodedin Unicodeor ISCII or ASCII typefont

– (ii) Text converter for converting thesedifferentencodedtext into a phonetic

transliterationnotationIT3

– (iii) Text normalizerfor converting the Non-StandardWord (NSW) (like cur-

rency, time,dateetc.,.)into astandardpronounceable/readablewords,and

– (iv) Language identi�er for identifying the languageconstituentfor selecting

appropriateTTSsystem.

� Lastly text-to-speech systemssub-systemis functionallyclassi�ed into:

– (i) TTSselectorfor switchingbetweendifferentlanguageTTS systemsbased

on language

– (ii) Voiceloaderfor loadingdynamicallyavailablevoicefor currentlanguage

– (iii) Voiceinventoryfor maintainingprerecordedspeechsegmentsandlanguage

relatedfeatures

– (iv) Unit selectionalgorithmfor selectingtheoptimalspeechsegmentfor con-

catenationand

– (v) Speech segmentconcatenationfunction for concatenatingand smoothing

theselectedsegmentsto generatethespeechcorrespondingto IT3 text.

62



5.1.1 Componentsof RAVI ScreenReader

Developinga full-�edged screenreaderfor Indianlanguagesis notonly achallengingbut a

dauntingtaskconsideringtheeventualitiesaspectsinvolvedin thedesignandimplementa-

tion. As wehaveaddressedthecommonissuesin developingascreenreaderin theChapter

1, we now look into someintrinsic applicationsuchasinternaltext storage,identifying the

font typename,identifying the language,convertingandnormalizingthe text asTTS ren-

derableform (IT3 data)andinvoking theTTS systemwhich is capableof synthesizingthe

voicefor the identi�ed languagetext on thescreen.Modulesrequiredfor theseaddressing

issuesform integralcomponentsof RAVI, functionallythey are:

� Internal Storage Formatof Text: Thetext extractormoduleextractstherelevanttext

whichais complicatedtaskfor Indianlanguages,becausethetext canberepresented

in differentformats,like mark-up(tagged)formats,encrypted,proprietaryformats

etc. Relevant text extractionmeanspartor positionof text suchasword, cell, title,

cursorpositionetc., such�elds explicitly restoresthe text for retrieving in future.

Even sometimeit is helpful if we areableto identify the correspondingfont name

also. More over a suitabledatatype hasto be identi�ed to storeinternally the ex-

tractedtext. In this regardwe facedproblemon trying to extractandstoreUnicode

data.Laterwefoundthatweshoulduseasuitabledatatypeto retrieveit. Soweiden-

ti�ed anduseddatatypeslike ANSI C stringandcharacterpointerfor ASCII based

text andbinarystring(bstr) for Unicode(UTF-8) datato storeinternally. Extracting

text from NotepadandWordPadis complicatedsincethey don't haveany ObjectLi-

brary �les. So we wererestrictedto usecursorpositionandWindows messagesto

extracttherelevanttext.

� Font Processing: As we have learnedin the introductionChapter2 thatmostof the

Indian languageelectroniccontentis available in different font encodingformats.

Indian languagecontentprocessingis a real world problemfor a researcher. Here

processingincludesidentifying the font encodingandconverting the text into TTS

renderableinput format. To processthe font-data�rst andforemostjob of a screen
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readeris to identify theunderlyingencodingor font. Therewill beno headerinfor-

mationlike in thecaseof Unicode(UTF-8) encodingor a distinguishedASCII code

rangesfor EnglishandIndianlanguageslike in ISCII. All wecangetis thesequence

of glyph codevalues(ASCII values). So thesecan be identi�ed throughstatisti-

cal modelingor machinelearningtechniques.The statisticalmodelsaregenerated

by following somestatisticalmethodsusingtheglyph codes.Convertersor models

aredevelopedusingsomemachinelearningalgorithmto learntheglyph codeorder.

And theseconvertersor modelsarecapableof identifying the font usingthestatis-

tical models.Our font identi�cation moduleusesvectorspacemodelsfor font-type

identi�cation (Chapter3).

� Text Preprocessing: In screenreaderperspective text processingmeansconverting

theextractedtext into someencoded/compatibleformatfor theTTSsystem,i.e font-

to-IT3 conversion,Unicode-to-IT3conversion,ISCII-to-IT3 conversionetc. Then

we needto normalizethe convertedtext. Text normalizationis the processof con-

vertingnon-standardwordslike numbers,abbreviations,titles, currency etc., to ex-

panded/natural(pronounceable)words. This canbeachievedby writing a text Nor-

malizerfor eachandevery languageor designingagenericframework which �ts for

mostof thelanguages.Thereis onemorestepwhichis optional.If weareusingsome

third partyTTS systemsthenwe needto convert text in our notationto thenotation

supportedby thatTTS system,sincethe input notationfor TTS is vendor/developer

speci�c. If we areusingour own TTS systemthenthereis no suchoverhead.Font

Convertermoduledoesfont-to-IT3conversionandis coveredin detailin (Chapter4).

� Language Identi�cation: The languageinformationof the text is very importantto

invoke the right TTS system.This canbedonein two wayseitheridentify the lan-

guageof theextractedtext (raw text) or identify thelanguagefrom theconvertedtext

(phonetictext). Basedontheextracted/identi�edfont nameit identi�es thelanguage,

elseit identi�es thelanguagebasedon thephoneticsequences.
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5.1.2 Implementation

For developinga screenreader, therearebasicallyfour optionsto gettheinformationfrom

theoperatingsystem(Windows). Following approachesaregivenin theorderof complexity

to implement.We exploited�rst threetechniquesandcombinedlyusedin our implementa-

tion, lastoneconsideredaspartof futurework.

(i) MSAA[3] : MicrosoftActiveAccessibilityprovidesaccesstomostof theapplications

bundledby Microsoft. Sinceit hasbeendesignedspeci�cally to provideinterfacefor

assistive devices,it is default to testanduseit. This beingstandardway to retrieve

informationfrom theapplications,besidesthisonealsogetsimplicit objectsprovided

for theprogrammer. All thecommoncontrolsaresupportedby MSAA, availablefor

MicrosoftapplicationssuchasMS Word,MS Excel,andInternetExplorerincluding

OutlookExpressetc.

(ii) COM [42] : ComponentObjectModel which is widely usedin window basedap-

plicationsto exposea lot of functionality throughautomationcomponents.This is

relatively usefulasit is astandardwayof communicationbetweenapplications,then

MSAA inheritsthismodelfor applicationinterface.

(iii) Win32 API: Window's 32 applicationprogramminginterface can be usedwhere

MSAA and COM are not supported. The complexity of this approachis limited

to structuralinformation.

(iv) Last resortwould be to capturevideodriver interceptbut harderto implementthan

said.

5.1.3 Merits of ProposedAr chitecture

The robustnessof this architectureis the Plug-and-Play(PNP) feature,also with easeof

allowing userto adda new moduleor replacetheexisting onewith latest. Sinceall func-

tionalitiesaresegregatedanddesignedin modularapproach,makesit lucid for usertoensure

that thecon�guration detailsandinterfacesarementionedappropriately. It expectsthe in-
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terfacesandcon�guration detailsshouldcorrelateindependentof internal implementation

aspects.For instance,upgradingwith muchmoreef�cient applicationfor extractingtext

from InternetExplorer, just onecanreplacethe old oneby the latestsalongensuringthe

con�guration. And alsoif we want to adda wholenew applicationto it, we just needup-

dateit and provide the interfacesand the con�guration. All modulesare DynamicLink

Libraries(dlls) henceforththenew modulenamehasto beregisteredin theRAVI con�gu-

ration�le andtheinterfaces(APIs) have to belistedappropriately. Themaincon�guration

�le is a ravi con�g.ini (system�le) �le which hashierarchical sectionsfor each module.

Undereachsectionor sub-sectionthe requiredinformationis provided in hashtablewith

key, value.Sotheapplicationloadsthis system�le andretrievestherequiredmodulename

andits interfacepointersandaccomplishestherequiredtask. Crux of this architecturelies

in easeof augmentinglanguage,font, applicationandTTS.

(a) Supportfor a New Language:Providing supportfor a new language,the components

speci�c to languagearevectorspacemodelsfor fonts, font converter for that lan-

guageandtext normalizerfor that languagethenthe TTS systemof that language.

Thesemoduleshaveto beregisteredinto thecon�guration(ravi con�g.ini) �le under

Section[Language]in ravi con�g.ini asdiscussedabove. No morechangesneedto

be donein the coresoftware. It will acceptandload thosemodulesautomatically

performingappropriateaction.

(b) Giving supportfor a New Font: To addsupportfor a new font userneedsto follow

two steps.Firstly thevectorspacemodelof thatfont is to beaddedto thelist under

Section[FontModels]in ravi con�g.ini. Secondly, addingthe glyph-maptable of

that font underSection[GlyphMapTables]in ravi con�g.ini. In the phaseof font

identi�cation, the font identi�er will �nd modelof the font andhencewe canget

thefont name.Thenfrom [FontConverter]Sectionin ravi con�g.ini, we cangetthe

requiredfont convertermodulename.Thefont converterusesthis glyph-maptable

andconvertsthetext into phoneticnotations.

(c) Supportfor a New TTS: Adding new TTS by mentioningit underSection[TTS] in
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ravi con�g.ini. Screenreaderexpectsbasiccommandssupportfrom TTS systems

suchasStart,LoadVoice,SpeakandStop.UndereachTTSSection(eg: [HindiTTS])

the four commandsshouldbeprovided. So thescreenreaderis totally independent

of TTS architecture,usedfor text synthesis,supportedfunctionalitiesetc.,. It only

expectsthesebasicinterfacepointersto producethe speechoutput. Whenthe text

andthe languageinformationarepassedto the TTS sub-systemit selectsthe right

synthesizerautomaticallybasedon the language.It loadstheTTS with theselected

voiceandsynthesizesthe text into speechandthenplaysit out. During the time of

togglingof TTSor closingtheapplication,it stopsthecurrentrunningTTSsystem.

(d) Supportfor a New Application: Including supportfor new applicationis bit compli-

cated.Useris restrictedto avail this facility asof now but developerhasfreehandon

it to addnew applicationmodulewithoutdisturbingtheexistingsystem.

5.2 ASPECTSOF USERINTERFACE

Thecommonuserinterfaceadoptedin RAVI is throughstandard/default inputdevices(key-

boardor mouse).It performsthedesiredactionaccordingto pressingtheshortcutkeys (a

combinationof keys) or focusof mouseor singleclick by the user. It automaticallyan-

nouncesthe error or statusmessageto the user. Providing interfacethroughkeyboardwe

followed two kind of supports;�rstly utilizing the default windows shortcutkeys andour

own de�ned applicationspeci�c shortcutkeys.

In designingthe shortcutkeys for applications,we referredthe existing commercial

screenreadersandcollectedfeedbackfrom theusers.Fromthis test/benchmarkingwe ob-

served that the existing screenreadersoffer a lot of shortcutkeys which are practically

impossibleto rememberor too confusingfor the users.So we wantedthe minimal setof

shortcutkeyswhichcoversall basicfunctionalitiesaddressingtheeaseof remembrance.Ac-

cordingly we designedshortcutkeys for eachandevery applicationsupportedfor reading

likeprevious,currentandnext wordor sentence.

And we found that theusersarewell familiar with thedefault windows shortcutkeys.
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So we utilized thosekeys as it readily providessupportfor normaloperations.They can

accessthe applicationmenus,buttons,list boxesetc., usingthe default windows shortcut

keys.

Blind usersalwayspreferredto usekeyboardonly, even thoughsometimesthey want

mousesupportalso.Sometimesnormalusersor studentsalsousescreenreader, in thatcase

they prefermouseinsteadof keyboard.Soweprovidedmousesupportalsoby playingaloud

theobject,menuitem,buttonetc.,throughmousefocusor click.

In theGUI of thesoftware,wealsoprovidedmenuslike�le, help,language,optionsand

settings.Usingthisusercanaccesssomesample�les or helpdocument.By usinglanguage

menuusercanchangelanguagespeci�c TTSsupportat operatingsystemlevel.

5.3 FUNCTION ALITIES COVERED

The functionalitiesofferedin RAVI is classi�ed into two. Firstly the generalor basicand

secondlyapplicationspeci�c functionalities. The generalfunctionalitiesarespeakingout

time, dateandreadingthe text of simpleedit controlor rich edit control. It speaksout the

menu,comboboxandlist box itemsandtheselecteditems.Applicationspeci�c functional-

ities arespeakingout thecell positionin Excelsheet,gotothelastslideof thepresentation,

speakingout thesubjectof themail in Outlooketc.,.

They aretabulatedin Table5.1 undercategoriessuchasgeneral,of�ce suite,Internet

applicationsandcontrols.For eachcategory thenumberof itemssupportedandtheir func-

tionalitiesarelistedout.

5.4 TESTING AND EVALUATION

Ergonomicsystemslike RAVI aredesignedusingmodularizedsub-systems,arecomposed

of proceduresandfunctions.Henceforthtestingprocessshouldthereforebecarriedin stages

wheretestingis scaledout incrementallyin conjunctionto systemimplementation.Tradi-

tional systemtestingprocessconsistof � vestages.Generally, thesequenceof testingactiv-
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Table5.1: Functionalitiessupportedby RAVI.

Category Item Functionalities

General readstext ascharacter, word,sentenceandparagraph

informstext attributeslike font size,typeandstyle

echoesthecharacteror word is beingtyped

navigatingandaccessingthedesktop

readingout controlpanel,startmenuandmenusof variousapplications

readingvia keyboardcommandsandmousemovement/click

optionto changeTTSor languageson the¯y

Of®cesuite MS Word readsprevious,next andcurrentcharacteror word or sentence.

announcesabouttables,formatandalignment

MS Excel readscell content,informsrow or columnnumberandspeaksout formula

WordPad readsrich edit controlsandprevious,next andcurrentcharacteror wordor sentence

Notepad readsprevious,next andcurrentcharacteror word or sentence

PowerPoint readsslidesinformations,contentsandnavigatesthroughslides

Outlook readsmail attributeslike From,To, Cc,Bcc,subject,mail contentandnavigatesthroughmails

Internet Applications InternetExplorer readspreviousandnext lines,links informations,

headingsandimages(alt text)

News Portals readsheadlines,news items(wholecontentor line by line) andnavigatesto pages

Email supportsreadingemailsin all leadingemailserviceproviders

Controls PushButton readsthecaptionandits state

Checkbox readsthecaptionandits state

RadioButton readsthecaptionandinformswhetherit is checkedor not

Group readsthegroupnamethentheitems

Drop-Down Combobox readsthelabelandthecontentof theedit control

Drop-Down Listbox readsthelabelandtheselected/focuseditem

SimpleCombobox readsthecontentof theedit control

SingleLine Edit Control readsprevious,next andcurrentcharacteror word

Multi-Line Edit Control alongsingleline edit controlcapabilitiesit readspreviousandnext line,

sentencesandparagraphs

List Box readstheselected/focuseditem in thelist

StaticControls readstheentiretext of thestaticcontrolsinceit maybeamessageor a label
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Controls Calendar readsthedateinformation

ProgressBar readsthepercentageof taskis done

Tooltip Control readsthetool tip text

TreeView readsthecurrentitem andthelevel in thetree

ities arecomponenttesting,integrationtestingandusertesting.This is aniterative process

wherethefeedbackfrom onetestingstageis pipedto thenext testingstage.

(a) Unit Testing: Individual componentsare testedto ensurethat they operatecorrectly.

Eachcomponentis testedindependentlywithoutothersystemcomponents.Wehave

doneanin-housetestingof eachunit.

(b) ModuleTesting: A moduleis a collectionof dependentcomponents.A moduleencap-

sulatesrelatedcomponentssocanbetestedwithout othersystemmodules.We have

doneanin-housetestingof all modules.

(c) Sub-systemTesting: This phaseinvolvestestingcollectionof moduleswhich havebeen

integratedinto sub-systems.Themostcommonproblemwhich arisesin largesoft-

waresystemsaresub-systeminterfacemismatches.So the sub-systemtestprocess

shouldthereforeconcentrateonthedetectionof interfaceerrorsby rigorouslyexercis-

ing theseinterfaces.Wehavedoneanin-housetestingof sub-systemafterintegrating

all modules.

(d) SystemTesting: Thesub-systemsareintegratedto makeup theentiresystem.Thetest-

ing processis targetedfor �nding errorswhich resultfrom unanticipatedinteraction

betweensub-systemsandsystemcomponents.It is alsodealswith validatingthat

themeetsit' s functionalandnon-functionalrequirements.This testingis doneby the

targetedusersotherthanin-houseusersandthefeedbackaccounted.

(e) AcceptanceTesting: This is the �nal stageof testingprocessbeforethe systemis ac-

ceptedfor operationaluse.Thesystemis testedwith thedatasuppliedby thesystem

procurerratherthansimulatedtestdata.This testingrevealsrequirementproblems,
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wherethesystemdoesnot reallymeettheusersneedor thesystem'sperformanceis

unacceptable.This is alsocalledasalphatesting.

When a systemis to be marked as a software product,a testingprocesscalled beta

testingis done.Thistestinginvolvesdeliveringasystemto anumberof potentialcustomers,

agreeingto usethesystem.They reporttheproblemsto thedevelopers.After this feedback,

thesystemis modi�ed andeitherreleasedfor furtherbetatestingor for generalsale.Wehave

compiledthis testingby circulatinga copy of thesoftwareto outsidepeopleandcollected

feedbackfor the sametask. And, also we have donereal-timetestingby installing the

software at L.V.PrasadEye Hospital [43], Hyderabadin their teachinglab. They have

successfullytestedandprovidedthefeedbackfrom theblind students.Someof themare:

� It is easyto instal.

� Featureto de�ne their own shortcut-keys/hot-keysfor acommand.

� Improvethefeatureto �ll-up on-lineapplication/form.

� Providemorevoicesperlanguagesothatthey canchoosethesuitableone.

All theseandothercommentscollectedfrom many otheruserswill be updatedin the

next comingversion.

5.5 LIMIT ATIONS

Every systemhasits own limitations. RAVI is alsono exception,listedbelow aresomeof

them.

� Text extraction:At timesRAVI fails to extract thetext from somecontrols(eg: lan-

guagebar)whichdo notexposeany interfaceto extracttext.

� OSlevel support:RAVI providesoperatingsystemlevel supportfor Indianlanguages

usingdictionaries.All thebasiccommandsaretranslatedin theinterestedlanguage.

But thesedictionarieshave limited entries. So it may fail to translatethe new/rare

words.
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� TTS switching: Whenswitchingbetweenone languageto another, the TTS takes

considerabletime to load thevoicedatabase.And if theswitchingis so frequent,it

mayfail to loadit andeventuallycrashesor hangup.

� TTSbuffer size:TTSmayoftenhave inputbuffer limitation problems

� Font identi�cation: RAVI comeswith modelsfor fonts currently in usageandcan

identify thefontname.For any newly developedfont, it is capableof building models

by providing the suf�cient training data. However it fails to identify the font for

which themodelis missing.

� Font Conversion: RAVI comeswith glyph-maptablesfor fonts currently in usage

andcanconvert thosetext. For any newly developedfont, it is necessarythateither

theRAVI developeror theuserhasto provide theglyph-maptable.

� Languageidenti�cation: SinceRAVI is developedto work with only Indian lan-

guagesit will identify any Indian languagebut it will fail to identify any foreign

language.Soit will try to speakout in English.

5.6 SUMMARY

This chapterdealswith the designanddevelopmentof the multi-lingual screenreaderfor

Indian languages.Variouscomponentsfor processingthe Indian languagespeci�c issues

werediscussed.A new modularbasedarchitecturefor thescreenreader, andits advantages

suchaseaseto addanew modulei.eplugandplay(PNP)is highlighted.Modulesexplained

in the previouschapters,font identi�cation andfont conversionhave beenintegratedwith

thesoftware. Customizedfunctionality for variousapplicationsandintuitive controlswere

listedout. Softwaretestingparadigmsfor testingandbenchmarkingscreenreaderis done

andfeedbacks/resultsareregistered.

72



CHAPTER 6

CONCLUSION AND FUTURE WORK

Giventhat thereare23 of�cial languagesand11 scriptsin India, theamountof electronic

text availablein glyph basedfont is greaterthanthetext availablein Unicodeformatwhich

makespreprocessingthefont-datanecessary. In this thesis,wehaveproposedanew method

for identi�cation of font-typeusingTF-IDF approachandhave designeda genericframe-

work for building font convertersto convert font-datato a phonetictransliterationscheme.

Wehavedemonstratedtheeffectivenessof ourconversionto beashighas99.5%on37fonts

of 10 differentlanguages.This thesisalsoexplainedthe natureanddif�culties associated

with Indianlanguageelectronicdata.Theresultsshow theproposedmethodologiesaresuit-

ablefor processingfont-datafor Indianlanguages.Theadvantagesanddisadvantagesof the

two proposedapproachesareasfollows:

(i) Biglyph (currentandnext glyph)basedfont-typemodelsyield goodclassi�cationresults

andarealsotimeeffective. For moreaccurateclassi�cationonecanconsidertriglyph

ormoreglyphsfor modeling.In font-typemodelingwhenthenumberof glyphsin the

glyphsequenceincreases,it consumesmorespaceandtheprocessis computationally

slower. In font-typeidenti�cation it takesmoretime to loadthemodelinto memory

andalsothemodel�les occupy morespace.

(ii) In font-dataconversionwefoundthatthreedifferentfont-typeof differentfont-families

datais suf�cient to train or to de�ne assimilationrulesfor a language.A new font-

typedatacanbeconvertedwith thesameaccuracy by providing only theglyph-map

tableof thenew font-type.We have achieved99.5%overall accuracy. Althoughnot

encounteredin our observations,theremaybea rarefont in a languagewhich may

requireadditionof new rules. Theeffectivenessof the framework hasbeenveri�ed
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for developmentof font convertersin all IndianLanguages.

As anoutcomeof this thesis,we have developedRAVI (ReadingAid for Visually Im-

paired) [38] a GUI basedscreenreadingsoftwarefor Indian languages.It wasdeveloped

basedon a comprehensive andintuitivedesignmethodologywith plug-in-playarchitecture

to addnew font converters,text-to-speechsystemsin a easyfashion. This systemassists

the userfor navigating throughthe computerand readshelp information basedon event

triggeredor messagepopped.It readsmenu,text boxes,dialogsandall otherwidgetson

thecomputerscreen.It guidestheuserto navigateandto opena programor anapplication

which userwantsto usewithout othershelp.Right from thestartingof thecomputeror ex-

ecutionof thesoftware,theuseris alwaysprovidedwith adequatevoiceoverandverbosity

to operateit.

However, themostvital featureof this softwareis its supportfor handlingIndian lan-

guagesandcompatibility to usewith MS Of�ce suite, InternetExplorerandmany other

nativewindowsapplications.Two independentspeechenginesareinternallyusedby RAVI.

Onefor synthesizingEnglishvoiceusing“Microsoft TTS” [39] systemandotheronefor

Indian languages“Indian languageTTS” [40] [41] systemdevelopedat IIIT Hyderabad.

Our screenreaderidenti�es the language,appropriatefont-type,performsfont-conversion

andautomaticallyselectstherespective synthesizer. Thecurrentversionof RAVI software

supports� ve IndianlanguagesnamelyHindi, Telugu,Tamil, KannadaandMarathi.

6.1 FUTURE WORK

We have plannedto createandadd moreglyph-maptablesfor more fonts for all Indian

languages.Wehaveplannedto improvethequalityandincreasethesupportby addingmore

fonts with the screenreadingsoftware. Needto designa new methodologyfor websites

whichdo not releasetheir font or usingsomedynamicfont renderingmechanism.
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APPENDIX A

IT3 PHONES MAP FOR INDIAN LANGUAGE CHARACTERS

In this appendix,we provide the IT3 phonesmappingfor Indian languagecharacters.

One can observe that the IT3 phonesare assignedaccordingto the pronunciationof the

phonesin thenative language.This makesit very easyto understandthenotationanduse

it effectively. Fig. A.1 shows the remainingconsonantphoneslist in IT3 scheme.The

mappingis showedfor 8 differentIndianlanguages.

Fig. A.1: IT3 consonantphonesfor Indianlanguages- part2.



APPENDIX B

FONT CHARTS AND FONT GLYPH MAP TABLES

In this appendix,we provide font chartsfor two fonts namelyEenadu(Telugu) and

Jagran(Hindi). It givesanideahow theglyphsareaccommodatedin theASCII coderange

(0 to 255). This kind of chart is necessaryto preparea glyph maptablefor every font as

shown in the �gures B.4 to B.13. By looking at this charta linguist or a native speaker of

that languagecaneasilypreparethe glyph maptable. The rows andcolumnsof this table

arein decimalwhich areusedto calculatethe theglyph code. Theglyph codevaluefor a

glyph/cellis calculatedlikecolumn+ row value(80+ 2 = 82).

Fig. B.2: Portionof EenaduFontChart- Telugu.



Fig. B.3: Portionof JagranFontChart- Hindi.

As statedpreviously, theglyph-maptablespreparedfor differentlanguagesareprovided

below. The left mostcolumnin the tableis the glyph codeandon its right areit' s corre-

spondingglyphandequivalentIT3 notationwith positionnumberattached.It clearlyshows

thatfor asinglecodevaluedifferentglyphsgetassignedfor differentfonts.
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Fig. B.4: Portionof Hindi GlyphMapTable.

Fig. B.5: Portionof MarathiGlyphMapTable.
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Fig. B.6: Portionof GujaratiGlyphMap Table.

Fig. B.7: Portionof BengaliGlyphMapTable.
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Fig. B.8: Portionof OriyaGlyphMapTable.

Fig. B.9: Portionof PunjabiGlyphMap Table.
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Fig. B.10: Portionof Tamil GlyphMap Table.

Fig. B.11: Portionof TeluguGlyphMapTable.
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Fig. B.12: Portionof KannadaGlyphMap Table.

Fig. B.13: Portionof MalayalamGlyphMap Table.
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APPENDIX C

GLYPH ASSIMILA TION RULES FOR INDIAN LANGUAGES

In this appendix,we provide theglyph assimilationrulesde�ned by usandusedin the

abovementionedfont converters.For everyIndianlanguageasetof glyphassimilationrules

aregivenunderrespective levels.RulesarewrittenusingIT3 scheme2.3.

C.1 GLYPH ASSIMILA TION RULES FOR HINDI

C.1.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) (d'a, d'ha, ra)+ Nukta= (d-a,dh-a,r'a)

(iii) (ka,kha,ga,ja, ta,na,la, ya)+ Nukta= (k, kh, g, j, t, n, l, y) + “-a”

C.1.2 LanguagePreprocessing

(i) REF(r4) movesbeforethe�rst full consonant

(ii) i + r4 = ii

(iii) n: + Maatra= Maatra+ n:

(iv) half consonant+ aa3= full consonant

(v) i2 movesto next of thenext full consonant

C.1.3 Maatra Assimilation

(i) aa3+ e-4= o-3



(ii) aa3+ e'4 = o'3

(iii) aa3+ e4= o3

(iv) aa3+ ai4 = au3

(v) aa3+ ei4 = o3

(vi) aa3+ ein:4= on:3

C.1.4 Vowel Assimilation

(i) a+ o-3= o-

(ii) a+ o'3 = o'

(iii) a+ o = o

(iv) a+ au3= au

(v) a+ aa3= aa

(vi) e+ e-3= e-

(vii) e+ e'3 = e'

(viii) e+ e3= ai

(ix) ei + ei4= ei

C.1.5 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.2 GLYPH ASSIMILA TION RULES FOR TAMIL

C.2.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant
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C.2.2 LanguagePreprocessing

(i) aa3+ Halant= r1

(ii) aa3+ (i4 or ii4) = r1 + (i4 or ii4)

(iii) (e2,ei2,ai2)+ consonant= consonant+ (e2,ei2,ai2)

C.2.3 Maatra Assimilation

(i) e2+ aa3= o3

(ii) ei2+ aa3= oo3

(iii) e2+ l'a = au3

C.2.4 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.3 GLYPH ASSIMILA TION RULES FOR GUJARATI

C.3.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

C.3.2 LanguagePreprocessing

(i) REF(r4) movesbeforethe�rst full consonant

(ii) i2 movesto next of thenext full consonant

(iii) left Maatra+ consonant= consonant+ left Maatra

(iv) m:1+ n: = m:

(v) full consonant+ m:1+ n: = full consonant+ e-3
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C.3.3 Maatra Assimilation

(i) aa3+ e4= o3

(ii) aa3+ m:1= o-3

(iii) aa3+ ai4 = au3

(iv) aa3+ ein:4= on:3

(v) aa3+ ai4n:4= aun:3

C.3.4 Vowel Assimilation

(i) a+ e4= e

(ii) a+ e-3= o-

(iii) a+ o3 = o

(iv) a+ ai4 = ai

(v) a+ au3= au

(vi) a+ aa3= aa

C.3.5 ConsonantAssimilation

AssumeCONSO= (kh1, g1, gh1,ch1,b1, bh1,p1, t1, th1, tr1, tt1, sh1,shh1,s1,x1, n1,

nd-1,nj-1, nn1,m1,y1, v1, l1, l'1, h1,hy1,dy1)

(i) CONSO+ aa3= + a

(ii) CONSO+ o-3= + e-3

(iii) CONSO+ o3 = + e3

(iv) ruu+ aa3= stra

(v) jaa+ e4= jo
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C.3.6 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.4 GLYPH ASSIMILA TION RULES FOR MALA YALAM

C.4.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) left Maatra+ n1= n1 + left Maatra

C.4.2 LanguagePreprocessing

(i) e2+ e2+ consonant= consonant+ e2+ e2

(ii) left Maatra+ consonant= consonant+ left Maatra

C.4.3 Maatra Assimilation

(i) e2+ e2= ai3

(ii) e2+ aa3= o3

(iii) ei2+ aa3= oo3

(iv) e2+ au3= au3

C.4.4 Vowel Assimilation

(i) e+ e2= ai

(ii) o + aa3= oo

(iii) i + au3= ii

(iv) u + au3= uu

(v) o + au3= au
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C.4.5 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.5 GLYPH ASSIMILA TION RULES FOR TELUGU

C.5.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) n: + Halant= r1

C.5.2 LanguagePreprocessing

(i) a4+ (n:, p1,s1,shh1,h1,ph1,ch1)= (n:, p1,s1,shh1,h1,ph1,ch1)+ a4

(ii) left Maatra+ consonant= consonant+ left Maatra

(iii) ai5+ e4= e4+ ai5

(iv) (vowel or n:) + (e4or o4)+ consonant= consonant+ (e4or o4)

(v) h1+ aa4= ha

(vi) Maatra+ n: = n: + Maatra

C.5.3 ConsonantAssimilation

(i) half consonant+ a4= full consonant

(ii) n: + a4= ra

(iii) n: + half consonant+ Maatra= r1 + half consonant+ Maatra

(iv) (h5+ di) or (di + h5)= dhi

(v) (h5+ d1)or (d1+ h5)= dh1

(vi) (h5+ s1)or (s1+ h5)= s1

88



(vii) (d1+ th1)or (th1+ d1)= dh1

(viii) (h5+ d5)or (d5+ h5)= dh1

(ix) (h5+ d'1) or (d'1 + h5)= d'h1

(x) (ch1,p1)+ h5 = (ch1,ph1)

(xi) h1+ a4+ aa4= ha

(xii) v1 + u3 = m1

(xiii) ri + t'h1 = t'hi

C.5.4 Maatra Assimilation

(i) (a4+ Maatra)or (Maatra+ a4)= Maatra

(ii) (e4+ ai5)or (ai5+ e4)= ai3

(iii) e4+ i4 = ei4

(iv) o4+ i4 = oo4

(v) u3+ u3 = u1

C.5.5 Consonant-Vowel Assimilation

(i) e+h5= ph1

(ii) e+ a4= va

(iii) e+ Maatra= p1 + Maatra

(iv) ba+ u1= ru

(v) va+ u3 = ma

(vi) va+ uu3= maa

(vii) v1 + a4+ (u1or uu1)= ma+ (u1or uu1)

(viii) v1 + e4+ u1 = mo
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(ix) v1 + ei4 + u3 = moo

(x) v1 + e4+ uu3= moo

(xi) v1 + a4+ uu3= maa

(xii) v1 + a4+ u3 = ma

(xiii) vi + u3 = mi

(xiv) vi + i4 + u3= mii

(xv) vi + uu3= mii

(xvi) n: + (u1or uu1)= yi

(xvii) y1 + a4+ u3 = ya

(xviii) y1 + a4+ uu3= yaa

(xix) y1 + ei4 + u3 = yei

(xx) y1 + e4+ uu3= yoo

(xxi) y1 + e4+ u3 = ye

(xxii) y1 + u3 = yi

(xxiii) ya+ u3= ya

(xxiv) ya+ uu3= yaa

(xxv) p1+ u3 = ma

(xxvi) p1+ a4+ u3 = ma

(xxvii) p1+e4+ uu3= ghoo

(xxviii) p1+ a4+ u3 = ghu

(xxix) p1+ a4+ uu3= ghoo

(xxx) ph1+ u3 = gh1

(xxxi) ph1+ a4+ u1 = ghu

(xxxii) ph1+ a4+ uu3= ghu
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(xxxiii) pha+ u3= gha

(xxxiv) pha+ u1= ghu

(xxxv) shh1+ u3 = jh1

(xxxvi) shh1+ a4+ u1 = jhu

(xxxvii) shh1+ a4+ u3 = jha

(xxxviii) m1+ e4+ u3 = mo

(xxxix) m1+ e4+ uu3= moo

C.5.6 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.6 GLYPH ASSIMILA TION RULES FOR KANN ADA

C.6.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) u1+ Halant= u3

C.6.2 LanguagePreprocessing

(i) arkkaavottu (r3) movesbeforeto thenext �rst full consonant

(ii) left Maatra+ consonant= consonant+ left Maatra

C.6.3 ConsonantAssimilation

(i) half consonant+ a4= full consonant

(ii) e+ a4= va

(iii) n: + u3 = y1
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(iv) n: + u3 + a4= y1

C.6.4 Maatra Assimilation

(i) (a4+ Maatra)or (Maatra+ a4)= Maatra

(ii) (e4+ ai5 ) or (ai5+ e4)= ai3

(iii) e4+ (uu3or uu5)= o3

(iv) (e4+ ii3) or (ii3 + e4)= ei3

(v) u3+ u1 + aa4= aa3

(vi) u3+ u3 = u1

C.6.5 Consonant-Vowel Assimilation

(i) e+ a4+ u3 = ma

(ii) e+ a4+ uu3= maa

(iii) e+ aa4= vaa

(iv) e+ e4+ u1 = mu

(v) e+ e4+ u3 = me

(vi) e+ e4+ u3 + ii3 = mei

(vii) e+ e4+ u3 + ai5= mai

(viii) e+ e4+ u3 + uu3= mo

(ix) e+ e4+ u3 + uu3+ ii3 = moo

(x) ri + jh3 + u3 = jhi

(xi) yi1 + u3 = yi

(xii) y1 + u3 = ya

(xiii) y1 + uu3= aa
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(xiv) y1 + e4+ u3 = ye

(xv) y1 + e4+ u3 + ii3 = yei

(xvi) y1 + e4+ u3 + uu3= yo

(xvii) y1 + e4+ u3 + uu3+ ii3 = yoo

(xviii) y1 + e4+ uu3= yuu

(xix) ye1+ u3= ye

(xx) ye1+ u3+ ii3 = yei

(xxi) ye1+ u3+ ai5 = yai

(xxii) ye1+ u3+ uu3= yo

(xxiii) ye1+ u3+ uu3+ ii3 = yoo

(xxiv) ye1+ uu3= yo

(xxv) ye1+ uu3+ ii3 = yoo

(xxvi) ya+ (u3or u1)= ya

(xxvii) ra+ jh3 = jha

(xxviii) ra+ jh3 + u3= jha

(xxix) ph1+ u3 = gh1

(xxx) va+ aa3= maa

(xxxi) va+ u1 = mu

(xxxii) va+ uu3= muu

(xxxiii) v1 + o3 = mo

(xxxiv) v1 + oo3= moo

(xxxv) v1 + e4+ u3 = me

(xxxvi) v1 + e4+ u3 + ii3 = mei

(xxxvii) v1 + e4+ u3 + ai5 = mai
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(xxxviii) vi + u3 = mi

(xxxix) vi + u3 + ii3 = mii

(xxxx) r1 + e4+ jh3 = jha

(xxxxi) r1 + e4+ jh3 + u3 = jhe

(xxxxii) r1 + e4+ jh3 + u3 + ii3 = jhei

(xxxxiii) r1 + e4+ jh3 + u3 + ai5= jhai

(xxxxiv) r1 + e4+ jh3 + uu3= jho

(xxxxv) r1 + e4+ jh3 + uu3+ ii3 = jhoo

(xxxxvi) shi+ consonant+ ii3 = shi+ consonant+ i3

(xxxxvii) shi+ ii3 = shi+ i3

C.6.6 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.7 GLYPH ASSIMILA TION RULES FOR PUNJABI

C.7.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) (la, kha,sa,pha,ja, ga)+ Nukta= (l'a, kh-a,sha,ph-a,j-a, g-a)

C.7.2 LanguagePreprocessing

(i) (n: or m:) + right sideMaatra= Maatra+ (n: or m:)

(ii) left Maatra+ consonant= consonant+ left Maatra

(iii) om:1+ m4= om:

(iv) i2 + consonant= i2 movesnext to thenext full consonant
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C.7.3 Vowel Assimilation

(i) a+ aa3= aa

(ii) a+ aa3n:= aan:

(iii) a+ a-4= a-

(iv) a+ ai4 = ai

(v) a+ au4= au

(vi) i1 + i2 = i

(vii) i1 + i3 = ii

(viii) u1+ u5 = u

(ix) u1+ e4= e

C.7.4 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.8 GLYPH ASSIMILA TION RULES FOR BENGALI

C.8.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) (ba,ya,d'a, d'ha, ja) + Nukta= (ra,y-a,d-a,r'a, j-a)

C.8.2 LanguagePreprocessing

(i) left Maatra+ consonant= consonant+ left Maatra

(ii) i2 movesto next of thenext full consonant

(iii) (m: or n:) + Maatra= Maatara+ (m: or n:)

(iv) (sh1,kh1,p1,nd-1,g1, th1,dh1)+ aa3= (sha,kha,pa,nd-a,ga,tha,dha)
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C.8.3 Maatra Assimilation

(i) (au4+ e2)or (e2+ au4)= ai3

(ii) e2+ aa3= o3

(iii) e2+ aa3+ au4= au3

(iv) e2+ au3= au3

C.8.4 Vowel Assimilation

(i) a+ aa3= aa

(ii) (e+ au4)or (au4+ e)= ai

(iii) (o + au4)or (au4+ o) = au

C.8.5 ConsonantAssimilation

(i) tta+ k3 = kta

(ii) tra+ k3 = kra

(iii) cha+ chha= chchha

(iv) tra+ r3 = kra

(v) dba+ h3= ddha

(vi) kba+ r3 = kka

(vii) x4 + k3 = kta

(vi) dba+ uu3= ddha

(vii) bba+ uu3= bdha

(viii) nba+ ii3 = ndha
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C.8.6 Consonant-Vowel Assimilation

(i) d'a + au4= u

(ii) ha+ au4= i

(iii) (d'hs + au4)or (au4+ d'ha) = t'a

(iv) e+ r3 = kra

(v) e+ nj-3 = nj-a

(vi) dba+ uu3= ddha

(vii) bba+ uu3= bdha

(viii) nba+ ii3 = ndha

(ix) x4 + e = kra

(x) x4 + o = tta

C.8.7 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster

C.9 GLYPH ASSIMILA TION RULES FOR ORIYA

C.9.1 Modi�er Modi�cation

(i) full consonant+ Halant= half consonant

(ii) (d'a, d'ha) + Nukta= (d-a,dh-a)

C.9.2 LanguagePreprocessing

(i) left Maatra+ consonant= consonant+ left Maatra

(ii) REF(r4) movesbeforethe�rst full consonant

(iii) i2 + consonant= i2 movesnext to thenext full consonant
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C.9.3 Maatra Assimilation

(i) e2+ aa3= o3

(ii) e2+ au3= au3

(iii) e2+ ai4= ai3

(iv) e2+ o4= ai3

C.9.4 Vowel Assimilation

(i) a+ aa3= aa

C.9.5 ConsonantAssimilation

(i) (h + da)or (da+ h) = ha

C.9.6 ConsonantCluster

full consonant+ (consonant2/3/5)= consonantcluster
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