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ABSTRACT

Keywords: SceenReader;Font Encoding; Font Data; Text to Speeh SystemsTF-IDF
Weight; Glyph; Glyph AssimilationProcess;ont Corverter

Screerreadelis aform of assistve technologyto helpvisuallyimpairedpeopleto useor
accesshecomputeandinternet.Sofar, it hasremainedexpensve andwithin thedomainof
English(andsomeforeign) languagecomputing.For Indianlanguageshis developments
limited by 1) availability of Text-to-Speectsystemsn thelanguageand?) supportfor read-
ing glyph basedont encodedext. Becausehereis no consisteng within font de nitions,
numberof glyphsperfont andglyph codemappingfor suchglyphsfor IndianlanguagesSo
therearemary fonts perlanguageandhugeamountof electronicdatais availablein those
fonts. So mostof the existing Indian Languagescreerreadersdo not supportmary fonts,
consequentlyot mary languages.

Most of the Indian languageelectronicdatais eitherUnicodeencodedr glyph based
font encoded.ProcessingJnicodedatais quite straightforward becauset follows distin-
guishedcoderangesfor eachlanguageandthereis a one-to-onecorrespondencbetween
glyphs(shapesandcharactersThisis nottruein thecaseof glyph basedont encodediata.
Henceit becomesecessaryo identify the font encodingand corvert the font-datainto a
phoneticnotationsuitablefor the TTS system.

This thesisproposesnapproachor identifying the font-type (font encodingname)of
a font-datausing TF-IDF (Term Frequeng - InverseDocumentFrequeng) weights. Here
thetermrefersto a glyph of a font-typeandthe documentefersto a collectionof wordsor
sentencem aspeci c font-type. The TF-IDF weightis astatisticaimeasureisedto evaluate
how relevantan N-glyph ('N' sequentiafjlyphslik e uniglyph, biglyph, triglyph etc.,)to a
speci ¢ font-datain a collection of textual data. We have built modelsof variousfont-

datafor uniglyph, biglyph and triglyph. Whenthesefont modelswere evaluatedfor font-



type identi cation, triglyph modelsperformedbestand biglyph modelsperformedbetter
thanuniglyph models. The resultsshav the performancancreasesavhenlonger context
(neighboringglyphs)takenfor building font models,subjectto reasonableoveragein the
trainingdata.

This thesisalso proposesa genericframevork to build font corvertersfor corversion
of font-datainto a phonetictransliterationschemen Indian languages.It consistsof two
phases{i) building the glyph-maptablefor eachfont-typeand(ii) de ning glyph assimi-
lation rulesfor eachlanguage.A font-type hasa setof glyphswhich may be a character
or partof a characte(merelya shape)andthey have an 8-bit codevaluein the range0 to
255. Corventionalapproachemapglyphsto a closestphoneticnotationwhile building the
glyph-maptable. This techniquefails to uniquelyidentify the duplicatesof a glyph. As a
novelty, we handlethis by takingthe place/positionainformationof theglyphinto account.
Theposition,denotedy herenumbersyefersto the positionof glyph with respecto a piv-
otal characterGlyph assimilationwhichis thesecondhaseof font corversionis a process
of meging two or moreglyphsto producea singlevalid character/Akshara setof glyph
assimilationrulesarede ned undereachlevel for eachindianlanguage Promisingresults
were obtainedby following this approachfor 10 languagedike Hindi, Marathi, Telugu,
Tamil, KannadaMalayalam Gujarati,Punjabi,BengaliandOriya.

As a major contribution of this thesis,we have successfullydevelopeda multi-lingual
screerreader(RAVI) for Indianlanguagesndhave incorporatedhe modulesfor font-type

identi cation andfont-datacorversion.
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CHAPTER 1

INTRODUCTION

1.1 SCREENREADER

A screerreadelis a softwaredesignedor visually impairedpeople,integratedwith speech
synthesizeto speakaloudeverythingon computerscreensuchasicons,menustext, punc-
tuationsand control buttons. Screernreaderqor speechenabledsystems)are designedor

blind peopleto use/accesstandarccomputersoftwares,suchasWord ProcessorsSpread-
sheetsEmail andthe Internet. Typical computerdik e desktopor laptopcanbe adaptedo

talk by addinga screerreaderto it. The screenreaderallows navigation aroundthe com-

puterscreenandpresentsvhatis happeningn the screerto the userin a meaningfulway

usingspeechoutput.

Today in theworld of HumanComputelnteraction(HCI) thevisually challengeccom-
munity in India andotherdevelopingcountriesaredeprivedof technologieshatcould help
themto interactwith the sightedworld especiallywith gadgetswvhich arenot userfriendly
for blind. Screenreadersare a form of assistve technologyfor the blind people. It is a
technologythat promisethe visually challengedhaturalaccesso computersgadgetsand
thelnternet.

AssistiveTechnolagy: A generalterm usedto describetechnologythat assistgpeople
with a disability suchasscreenreadingsoftware or alternatekeyboardsis “assistve tech-
nology”. TheAssistve TechnologyAct (ATA) of 1998de nesassistve technologyas“any
item, pieceof equipmentpr productsystemwhetheracquired commecially, modi ed, or
customizedthatis usedto increase maintain,or improvethefunctionalcapabilitiesof indi-
vidualswith disabilities” Someof this assistve technologyincludesscreernreaderstalking

web browsers printedtext readersBraille translatorgText-to-Braille andBraille-to-Text),

1



screemmagni ers, specialcomputerkeyboardsandtechnologythatallow controlof a com-
puterthroughheadmovementor eye movements.

Blindnessand Low Vision: Blindnessposesa threatto the way of life of peoplenot
only in India but alsoworld wide. Thereare an estimatedl80 million visually-impaired
people[l] in theworld. Approximately10to 20 million persong?2] in India areunableto
reador write dueto thevision problemsand95 percenof themdo notknow English.While
therearemary amongstiswho shareandconcerrthechallenge$acedby visuallyimpaired,
studies/researaievealsthatmary visually challengegersonsaturallyposseskighdegree
of senseandIQs thanthe normalpersons.Most peoplewho arevisually impairedkeenly
usessensorytouch and hearing,suchsensesare primary assetin operating ne controls,
working in voice basedprocessesn BPO operations,or even doing complex operations
which requiremonitoringandresultantoperationof audiosignals.

While a blind or visually challengedoersonmay or may not be ableto reador write
effectively, their sharpsenseof hearingbecomingprimary modeof interface. Today's tech-
nology canexploit this very mode.Speechechnology(thatcanconvertawritten/typedtext
into speech)ffers solutionswhich canenabledevelopmentof interfaceson the computer
transformingdocumentsinformationandcontentaccessibléo the blind. Onesuchsolution
is calledscreernreadingsoftwarewhich canbe portedon a rangeof devicesvia. personal
computersinformationkiosks,ATMs, handheldsandmobile phone etc.,

Renderingon-line instructionallows blind andlow vision studentsat a distinct disad-
vantagewhenthe majority of the informationis in visual format. Although blind andlow
vision studentsanlearnto usekeyboardseffectively, accessin@utputis a challenge With
thehelpof Braille outputdevices,opticalcharacterecognitionsoftware,andscreerreaders,
blind studentsanalsoequallyaccesgo electronicinformationon parto their counterpart.

Screerreadersarecatayorizedinto threemajortypes:Command-lindext screerreadey

GUI basedscreerreaderandweb-basedcreerreaderaccordingly

CLI (text) SceenReades. Early operatingsystemssuchas MS-DOS which em-
ployed a CommandLine Interface(CLI), andthe screendisplay consistedof char

actersmappingdirectly to a screerbuffer in memoryandto a cursorposition. Input

2



waskeyed from keyboard. All this informationcould be obtainedfrom the system
by hookingthe o w of informationaroundthe systemandreadingthe screerbuffer

andcommunicatingheresultsto the user

GUI basedSceenReades: Arrival of GraphicalUserinterfaceqGUIs),addedmore
complication.A GUI is compositionof characterandgraphicsdravn onthe screen
atparticularpositions andassuchthereis no puretextualrepresentationf thegraph-
ical contentson the display Screerreadersvereonly choicebut drivento employ
new low-level techniquesgatheringmessagefrom the operatingsystemandusing
theseto build up an“off-screenmodel”, modelis a representationf the displayin
which the requiredtext contentis stored. Screenreaderscanalsocommunicatan-
formationfrom menuscontrols,andothervisual constructdo permitblind usersto
interactwith theseconstructs.However, maintainingan off-screenmodelis a sig-
ni cant technicalchallenge:hookingthe low-level messageandmaintaininganac-
curatemodelareequallydif cult tasks.Operatingsystemandapplicationdesigners
have attemptedo addresgheseproblemsby providing wayswhich screenreaders
canaccesshedisplaycontentsvithout having to maintainanoff-screermodel. This
involvesthe provision of alternatve andaccessibleepresentationsf whatis being
displayedon the screenaccessethroughan API. Existing APIs include: (1) Apple
AccessibilityAPl, (2) IAccessible2(3) Microsoft Active Accessibility(MSAA), (4)
Java AccessBridge andetc.,. Screerreaderscanquerythe operatingsystemor ap-
plicationwhichis currentlybeingdisplayedandreceve updatesvhenthe changean

thedisplay

Web basedSceenReades. A relatively new approachn the eld is web-baseap-
plicationslik e TalkletsthatuseJavaScriptfor addingText-to-Speechiunctionalityto
web content. The primary audiencefor suchapplicationsarethosewho have dif -

culty in readingbecausef learningdisabilitiesor language. Comparatiely func-
tionality for this type remainslimited than desktopapplications the major bene t

is to increasdhe accessibilityof websites/URLsvhenaccessedn public machines



whereusersdo not have permissionto install customsoftware, web-baseglug-ins

give peoplegreater freedonto roam..

ISSUESIN BUILDING A SCREENREADER

Building ascreernreadelis acomplicatedask,consideringhetechnologyandusage .There

are mary hurdlesin developmentof multilingual screenreadey someof them are com-

monfor all the screerreaders.Let usreview andhighlight the problemswith the existing

screenreaders.The commonissuesare speechsynthesizerimplementatiorstratey, user

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

platformsandthe costcomponentWe discusdrie y abouteachof thesepointsbelaw.

Speeh SynthesizerA speectsynthesizefakaTTS System)s the majorcomponent
of ary screemreadersystem A speeclsynthesizeacceptplainor markedup text as
inputandgeneratespeectoutput.In India, therearedifferentorganizationsnvolved
in developmentof speectsynthesizer$or IndianlanguagesSomeof themarepri-
vatecompaniesandothersareinstitutes. Every oneof thesehasuniqueinterfaceto
the speechsynthesizer The problemsare: (i) they provide supportfor one or few
Indianlanguages(ii) the quality of the speechoutputis still not naturaland(iii) no
effort to integratewith ary applicationand provide a uni ed modelfor a common
platform. Viable actionin windows operatingsysteminvolves creatinga layer on
top of all the synthesizer$y following SpeechApplication Programmingnterface
(SAPI) standargroposedyy Microsoft.

ScieenReadingApplication A screerreadermonitorsandextractsinformationon
computerscreenthroughkeyboardcommand/mouselick and sendsthat informa-
tion to thespeeclsynthesizem text form. Handlingthekeyboardeventsis relatively
easy;onecanjust capturekeystrokesandcorvert with the help of in built keyboard
layouts. Monitoring the screens a comple job particularlyin windows basedsys-
tem. By windows basedsystemwe meanary systemwith windowing capabilities.

Problemsin windows basedsystemsarisedueto the fact that eachwindow is just
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anarrayof pixelson the screenhencemakingit mandatoryto getthatinformation
from the program/applicationhat haswritten thattext on the screen.lIt is possible
only whenthe programhasa well de ned interfacefor obtainingthatinformationor

graphicsAPls aremonitoredfor text outputandthenarecordis maintained.

In Windows operatingsystemalmostall the screercomponentgarewell de ned and
they allow oneto getsuchinformationin multiple ways. Bare-boneapproachs to
getsuchinformationthroughWin32 API andpreferredapproachs to hookinto Mi-
crosoftActive Accessibility(MSAA) [3]. MSAA providesnoti cation to the inter-
estedapplicationandprovidesstandardnechanismo obtainthisinformation. How-
ever MSAA happengo betheheartof arny screermreadingapplication,it still cannot
provide informationfor all the componentsandall the desiredforms of information.
Soonehasto rely on ComponentObjectModel (COM), Win32 API, andat times
ondisplaydrivers. Thenthereis theissueof handlingeachscreercomponentliffer-
ently thanothers. For examplethe “LanguageBar” in Windows XP doesnt expose

ary interfaceto retrieve thetext.

Multi-Lingual Issues Discussingo issuesspeci ¢ to multilingual screerreadersye
canmainly focusour attentionto languagerepresentatiogodeor scripts. The pre-
ferredcodingis Unicode[4] which supportscodesfor almostary languagecurrently
available.Soif theworld followedUnicodeonly, it would beeasierfor programmers
to write programswhich couldunderstanény languagdext andhandleit appropri-
ately But unfortunatelytherearedifferentcodingstandardsisedby variousvendors
andapplications.So our approachhasto addressoth forms of text. Our software
will internallyusel T3 [5] phonetionotationbut wheneerrequiredt canbecorverted
to Unicodeor to othernotationgwhenaspeeclsynthesizedoesnot understandT3
notations).We alsocorvert from otherfont-encodinggo IT3 (whena particularap-
plication doesnot provide IT3 text). Our mainfocuswill be on IT3 and Unicode
dueto the factthatthe currentWindows andthe subsequentersionswill useUni-

codefor multi lingual applicationsWhenrequireda converter(font converter ISCII



converteretc.)it canbeinsertedo accommodataeon|T3/Unicodeapplications.

UserInterfaces Userinterfacesor navigationcontrolsdiffer from onescreerreader

to screerreader A standardsetof userinterfaceshasto beidenti ed andto bede-

ned. Sometimetheuserexpectsthey shouldbecustomizabldéike JAWSwhichpro-

videssomescriptingmechanisnto modify theuserinterfaces.TeachingandTraining

regardingthe new interfacesor navigationcontrolsbecomanandatory

Documenformats Screerreadehasto readcontenfrom thedocumentsn different
formats.They maybe simplemulti-line edit control (Notepad)word processofMS
Word), spreadshedtExcel), presentatiortool (PoverPoint), web/marlked up pages
(HTML/ASP/XML) andencrypteddocumentgPDF/PostScript) Extractingthe re-
quiredtext from thosedocumentss a complicatedask. For somedocumentghere
arebuilt-in librariesandfor othersoneneedsto write his own parserto extractthe

text.

SupportingPlatforms (OS) A screenreaderis developedaiming at one platform
(Windows/Linux). Evenfor asingleOS, it maywork very well with oneversionand
may not with the otherversions. So the userhasto maintainone screenreaderfor
eachplatformif heworkswith multiple platforms.A platformindependenarchitec-

ture hasto bedesignedvhichis relatively challengingask.

Cost This is the most exciting questionfrom the userend abouta screenreader
(especiallyfrom Indiancommunityperspectie) “Whetherit is availablefor freeor
cost?” Well, if it coststhenhow much?A well developedscreernreaderdike JAWS,
Window-Eyesetcarecostly (in therange$500dollarsandabore) which cannot be
affordableby a commonmenin Indian. Usersare expectingthe screenreaderat

affordableor free of costwith quality thatof existing solutions.



1.3 RELATED WORK ON SCREENREADER

Advancesn syntheticspeechhasallowedthedevelopmenbf screenreadersoftware,which
cancapturetext from the computerandtransformit to the audioform therebyhelpingvi-
sually impairedpeopleget the informationvia. the speechmodality. Increasingly screen
readerarebeingbundledwith operatingsystendistributions. Recentversionsof Microsoft
Windows comewith theratherbasicNarrator while Apple Mac OS X includesVoiceO\er,
amorefeature-richscreerreader Theconsole-base@raluxLinux distribution shipsit with
threescreen-readingrvironments: Emacspealf6], Yasrand Speakup. The opensource
GNOME desktopernvironmentlong includedGnopernicusalsonow includesOrca. There
arealsomary opensourcescreerreaderssuchastheLinux screerreadeifor GNOME and
NonVisual DesktopAccessfor Windows. The mostwidely usedscreerreadersare sepa-
ratecommerciaproducts:JAWS from FreedonScienti ¢, Window-Eyesfrom GW Micro,
andHAL from Dolphin ComputerAccessbeingprominentexamplesin English. With re-
centinitiativesfrom researctorganizationsandmajorsoftwarevendorsthe developmenbof
screerreadingsoftwarehasbegunin IndianlanguagesBut supportto languagesndtypes
of contentreadingis limited dueto technologyconstraint.

Here we review screenreaderswhich are mostly in use. We cateyorizethemas (1)
screemreaderswvailablefor Englishandotherforeignlanguagesnd(2) screerreaderefforts
in IndianlanguagesThe rst four screerreadersarefor Englishandthe laterthreearethe
effortsin IndianlanguagesWhile Englishscreenreadersarewidely used attemptsn Indian
language$have beenmetwith limited successndpopularity

JAWS[7] : Themostpopularscreerreademusedworldwide,JAWS for Windows works
onary PCto provide accesdo latestsoftwareapplicationsandthe Internet. With its inter-
nal softwarefor speeclsynthesizeandthecomputers soundcard,theinformationfrom the
screeris readaloud,providing access$o awide varietyof information,educatiorandjob re-
latedapplications.JAWS alsooutputsto refreshableBraille displays,providing unmatched
Braille supportof ary screenreaderon the market. JAWS Professionakosts$1095and

JAWS Standaracosts$895. It hasbeenreleasedvith Unicode(internationaldigital coding



standardor representationf languagesgnablinguserdo avail supporin Indianlanguages.
It follows OSM (Off ScreerModel), a standardlevelopedto readindianlanguagegHindi)
basedon whatis displayedwhich sometimesoundsweird from the actualpronunciation
of aletteror aword.

Window-Eyed8] : It is comparableo the moststablescreenreaderavailablein the
market today Window-Eyesgivestotal control over what you hearandhow you hearit.
Provides an additionalfeatureof enhancedraille which understandsisers feelings. On
top of all that, the power andstability of Window-Eyesmeanghat mostapplicationsvork
right out of the box with no needfor endlesdinkering andjuggling con gurationin order
to getthemto function properly Applicationsthatutilize standardVicrosoft controlswill
be spolen automaticallywith little or no con guration necessaryOtherapplicationsmay
requiresimplemodi cationsto Window-Eyeswhoseoptionsareeasilyaccessibleia awell
catalogednenuorganizedin userfriendly mannersuchasspeectcontrol panel. Window-
Eyescosts$895.00andWindow-EyesSMA costs$299.00.

HAL [9] : It is a screerreadersoftware that works by readingthe screeninteractvely
and communicatinghrougha speechsynthesizeor by a refreshableBraille display One
of only afew with rich featuredscreerreadersn theworld, HAL givesindependencenot
only on a desktopPC, but canbe carriedon a USB stick to useat ary campus,Internet
cafe,library or work placewherePCis availableacrosgheglobe. Thebene t of thisis that
userscannow carry their screenaccesswith their favorite settingswith themat all times.
In addition,HAL userscanconnectremotelyonterminalsenersor Citrix mainframes.

Kurzweil[10] : Kurzweil (1000and3000)readsprintedmaterialssuchasbooks,mag-
azinessinglesheetsaandnewspapersPrintedmaterialsare rst scannednto the computer
ThenKurzweil 1000's opticalcharacterecognitioncapabilitiesecognizeéhe andcornvertit
into syntheticspeechThis givespeoplewho areblind audibleaccesgo the printedpages.

SAR [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-Speecl{TTS) enginedevelopedby Prologix, Lucknow (India) and



National Associationfor the Blind (NAB-New Delhi) hasdevelopedthis screernreader It
currentlysupport€EnglishandHindi only andthework is in progresgo provide supportfor
all of cial Indianlanguages.

IITM Softwae for the Visually Handicapped13] : Opensourcecommunityat [IT
Madrashasrealizedthe importanceof the needto incorporatesomeaspectof Assistve
Technologiesn the Multilingual software,soasto bene t the disabled at leastin respect
of giving themopportunitiedo geteducatedn the rst placeby meansof theirown mother
tongue. The multilingual software,enhancedvith speechhasgainedwide acceptancén
the countryon accountof its simplicity andeaseof use. Their developmentof systemdor
thedisableds still ata stageof infang/ whencomparedo solutionsavailablein thewestfor
the Englishspeakingusers.MBROLA is a freely available speechenginewhich hasbeen
usedin thisapplicationandasof now, thereis aslight Europearaccento thespeechoutput.
Still packaginghe softwarein arny form thatwould allow visually handicappegersongo
downloadandinstall the sameall by themis part of the future work. Whatthe teamhas
doneis to provide a suitableinterfaceprogramto substitutehe computers soundinterface
for the externalsynthesizeso thatthe applicationcould work on a Windows machineor a
Linux system.The JAWS readelinterfaceusesMBROLA asthe speectengine. MBROLA
is thedependengfor theapplicationhasto work.

\WoiceDot[14] : Analytica's VoiceDotaims at ful lling the needfor a cost effective
screerreadingsolution, for visually impairedpeoplein India andaroundthe world. Ana-
lytica ervisionsVoiceDotasa meando aid the visually impairedin harnessindgnowledge
from the wired world. VoiceDotwill enablethe visually impaireduserto readand write
electronicdocumentsand communicatewith the world throughthe Internet. VoiceDotis
built arounda plug-in architecturethis supportghird party plug-insfor supportingcustom
applications. For instance applicationslike Lotus Notes, Acrobatreaderor Tally canbe
madeaccessiblaisingthe plug-ins. VoiceDotsupportsMicrosoft's SAPI 5.1 (SpeechAp-
plication Programminginterface)and MSAA (Microsoft's Active Accessibility). It uses

Microsoft's TTS synthesizeto rendertext asspeechoutput.



1.4 NEED OF SCREEN READER FOR INDIAN LANGUAGES

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

scriptforms. Aboutabillion peoplein Indiausethesdanguagesstheir rst languageEn-

glish, the mostcommontechnicallanguageis the linguafrancaof commercegovernment,
andthe courtsystem but is not widely understoodeyondthe middle classandthosewho

can afford formal, foreign-languagesducation. About 5% of the population(usually the

educatedlass)canunderstandEnglishastheir secondanguage Hindi is spoken by about
30% of the population,but it is concentratedh urbanareasandnorth-centralndia, andis

still notonly foreignbut oftenunpopulain mary otherregions. Screerreadingtechnology
providesmary functionalitiesusingspeectiechnologyto helpthevisuallyimpairedpeople,
but it hashardlyreachedo theneedypopulationin India otherthansmallfortunateEnglish
speakingcommunityonly aspotentialcustomerHencethereis aneedto have screerreader
thatcanaid othervisually impairedpeoplewho speakindianlanguages.

Someof thelimitationsobsenedin existing screerreadersnclude:

ProfessionaEnglishscreerreadergail to provide goodsupportfor Indianlanguages.
The Englishvoiceshave US/UK accentand thus native spealers found it hard to

comprehend.

Screerreadersn Indianlanguagesupportoneor two major spokenlanguagesand
thuslack a genericframewnork of supportingmultiple IndianlanguagesAt the same
time, thesescreenreadersoften supportonly Unicodeformatsandthusignore best

local websitessuchasEenaduVaartha Jagrarwhich useglyph basedonts.

Screerreadersn Indianlanguagesave alsolimitationsin termsof supportfor com-
puterapplicationsor programs.Typically the supportis provided at the screenevel
andto thebrowsers,andthusmajorapplicationssuchasEmail clients,variousinter-

netbrowvsersandPDF/Postscripteadersareignored.

Somescreerreaderglo not make useof recentadvancesn text-to-speechiechnolo-

giesandthusprovide intelligible but notasnaturalashumanspeech.
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Somearefreely availableandothersarecostly.

Hencewe needgood professionakcreenreadersfor Indian languagegproviding support
for mary or all of the Indian languagesdifferent computerapplicationsand intelligible,
human-soundingyntheticspeechSuchscreerreadershouldbeavailablefreely orin some

reasonableostsothatthe commonindianusercanreapthebene t of suchtechnologies.

1.5 THESIS STATEMENT

Developinga full- edged screenreaderfor Indianlanguagess a challengingtask consid-
eringthe computersciencelanguageandspeectprocessingspectsnvolvedin theimple-
mentation.The problemof developinga screerreadingsoftwarefor Indianlanguagesould
bestatedas: Givenatext in ary Indianlanguageencodedn ary formatthe objectve would
beto procesgheminto the requiredformatandspeakit outin therespectre language We
wish to developa screerreaderfor Indianlanguagesndprovide it for freely which would

helpIndiancommunity especiallyblind peopleto a greatextent.

1.6 CONTRIBUTIONS

Thescopeof theresearchncludesl) understandinghe scriptsof Indianlanguagesndtheir
storageformats, 2) identifying the font-type (font encodingname)of the font-data,3) de-
signinga genericframeavork for building font corvertersfor scriptsin Indianlanguagesnd

4) developinga screerreadingsoftwarefor Indianlanguages.

This researcldocumentshreemaincontributions. They are:

(a) Anappmoad for identifyingthe font-type(font encodingname) TF-IDF weightbased
vectorspacemodelsfor fonts, constitutinguniglyph, biglyph andtriglyph to classify
or identify thefont encodingnameof thetext (Chapter3).

(b) A genericframevork for building font corverters in Indian languages Helps build-

ing rapidly a font corverterby providing only the glyph-maptable of a font. This
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glyph-maptable provides mappinginformation betweenglyph andits closestpho-
neticnotationwith positioninformation. A setof glyphassimilationrulesarealready

identi ed andde ned perlanguaggChapterd).

(c) A screenreaderfor Indian languages Readscontentin differentindianlanguagesnd

helpsblind peopleto usethe computerandinternet(Chapterb).

1.7 ORGANIZATION OF THE THESIS

This thesisis organizednto six chapters.

First chaptertalks aboutgeneralintroductionto screerreadersandcommonissues

involvedin building screerreaders.

Secondchapterdiscusseshe natureof Indian languagescripts,their digital storage
formatsandneedfor handlingthe font-dataespecially It describesa transliteration

schemausedfor ourresearch.

Third chaptempresentgont-type (font encodingname)?! identi cation in Indianlan-
guages.In detail it coversthe TF-IDF weight, modelingthe font-datausingthose
weightsandclassifyingthe font-type. Lastly it analyzeghe performancdor differ-

entcases.

Fourth chapterpresentsa genericframavork for building font corvertersfor font-
datacorversionin Indianlanguages.t describesxploiting glyph shapeandplace
informationand building glyph-maptable for fonts. It explainsglyph assimilation
processandrulesfor glyph assimilationin eachlanguageln the endit analyzeghe

conversionperformancdor differentindianlanguages.

Fifth chapterpresentsa multi-lingual screerreaderfor Indianlanguagesndissues
in development. It coversin detailthe proposedarchitectureuserinterfaces,func-

tionalities,evaluationandlimitations.

1 This thesisusesthe termsfont, font-encodingandfont-typeinterchangeably
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Sixth chaptersummarizeshethesiswork andconcludeghenprovidestheroadmap

for thefuturework.
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CHAPTER 2

A Review of Nature of Scriptsin Indian Languages

This chapterpresentsa brief introductionto natureof scriptsof Indian languages.Such
introductionis necessanasin Indian languageghe basicalphabetdake multiple shapes
andpositionedn differentplacesin the script(top, down, left andright). Mostimportantly
we have utilized thesepositionand shapecharacteristic®f Indian languagescriptsin our
approachesor identi cation of font-type and corversionof font-data. This chapteralso
describewvariousdigital storagdormatsusedfor the Indianlanguageelectroniccontentand

presentsheIT3 transliteratiorschemeemployedin thisthesis.

2.1 AKSHARAS OF INDIAN LANGUAGE SCRIPTS

Indian languagescriptsoriginatedfrom the ancient'Brahmi' script. As Indian languages
are phoneticbased the minimal soundunits called phonemesareidenti ed asroot case.
The phonemesredividedinto two groups:vowels andconsonantandinto further classi-
cations. Systematicombinationf elementof thesegroupsresultedinto the basicunits
of the writing systemare referredto as“Aksharas”t. The propertiesof Aksharasare as

follows:
1. An Aksharais an orthographicrepresentatiomf a speechsoundin an Indian lan-
guage.
2. Aksharasaresyllabicin nature.

3. Thetypical forms of AksharaareV, CV, CCV and CCCV, thushave a generalized

form of C*V where C' standgor consonanaind V' standgor vowel.

L Aksharamay meanPsyllablef C*V form (in Sanskritgrammar)
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4. An Aksharaalwaysendswith avowel or nasalized/owel.

5. White spaces usedasword boundarythusseparatingAksharaspresenin two suc-

cessve words.
6. Thescriptsarewritten from left to right.

7. Romandigits (0...9) are usedas numerals. Someof the languagedave their own

numericsymbolswhich arerarelyused.

8. EnglishPunctuationsnarkssuchascommayull stopsetc.,.aremostlyusedin writ-
ing. LanguagesuchasHindi have a setof their own punctuatiormarkswhich are
oftenused. Somelanguagedik e Tamil have specialsymbolsfor date,month,year

deptandcreditetc.,.

2.1.1 Convergenceand Divergence

India is a multi-lingual nationwith 23 recognizef cial languagesTheselanguageare:
AssameseBengali,Gujarati,KannadaKashmiri,Konkani,Malayalam Manipuri, Marathi,
Nepali,Oriya, Punjabi,Sanskrit,Sindhi, Tamil, TeluguandUrdu. ExceptUrduandEnglish,
theremainingof cial language$have a commonphoneticbase,.e., they sharea common
setof speeclsoundsWhile thesdanguagesharea commonphoneticbhaseJanguagesuch
asHindi, MarathiandNepalialsosharea commonscriptknown asDevanagariLanguages
suchasTelugu,Kannadaand Tamil have their own scripts. The propertythat makesthese
languageslistinctis the phonotacticsn eachof theselanguagesatherthanthe scriptsand
speecltsounds.Phonotacticss the permissiblecombinationsof phonesthat canco-occur
in a language. The shapeof an Aksharadependson its compositionof consonantand
the vowel, and sequencef the consonants.In de ning the shapeof an Akshara,one of
the consonansymbolsactsas pivotal symbol. Dependingon the contet, an Aksharacan
have acomplex shapewith otherconsonanandvowel symbolsbeingplacedon top, belaw,
before,afteror sometimesurroundinghe pivotal symbol. Ideally, the basicrenderingunit
for Indian languagescriptsshouldbe Aksharashemseles. However Telugu,for instance

hasaroundl5vowelsand36 consonantsTo renderAksharasasawholeunit, it requires540
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CV units,19440CCV unitsand699840CCCV units[5]. It is reasonabléo assumehatnot
all combinationsof consonantlustersare allowed, but evenwith thatassumption, L0000
Aksharasare neededasrenderingunits. Dueto this large numberof units, an Aksharais
renderedy concatenatinghe constituentonsonanandvowel symbols.Thefollowing are

thesymbolsusedto renderAksharasy a Unicoderenderingengine.

2.1.1.1 ConsonantSymbol

A consonansymbolin an Indian languagerepresenta single consonansoundwith the
inherentvowel (short/a/). Aksharais syllabic so eachconsonansymbolrepresents con-

sonantandtheinherentvowel. Fig. 2.1 shovs the consonansymbolsin Hindi and Telugu.

STER T Tewl S ch @00

Jjaankaarii dillii sarkaaru allan:

Fig. 2.1: Full consonansymbolsin Hindi andTelugu.

2.1.1.2 Half forms of the consonant

Aksharasof the type CCV or CCCV, have morethanone consonant.In thesecasespone
of the consonant(shasfull-form shapewhereothersin half-form shape.Thesehalf-forms
do not have aninherentvowel. An half-form consonanbccupiesa placeon top, below,
beforeor afterthefull-form consonanin the script. Fig. 2.2 shavs thethe half form of the

consonansymbolsin Hindi andTelugu.
AT o=t SSaser 00

pravaasii = dillii prajala allan:

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

A vowel symbolrepresenta vowel soundandis usedto rendera syllableof type V which
hasnoconsonantbeforeor afterit. Thesevowel symbolsarealsoreferredto asindependent

vowels. Fig. 2.3 shavsthethevowel symbolsin Hindi andTelugu.

SS Ml ATHA afer DD

ud: iisaa aaphat iI'l’ alloo aadhunika

Fig. 2.3: Vowel symbolsin Hindi andTelugu.

2.1.1.4 Maatra - dependentvowels

Consonantganassociatevith vowels otherthaninherentvowel. If a non-inherenwvowel
is neededthena diacritical mark correspondingo the non-inherentvowel is addedto the
consonansymbol. Thesevowels with their attacheddiacritical marksare referredto as
Maatrasor dependentowels. A Maatracanoccufy a placeon top, below, before,after,
or sometimesurroundinghe consonansymbolandthusis oftenreferredto asdependent

vowel. Fig. 2.4 shavs thethe Maatrasymbolsin Hindi andTelugu.
qicH =l e aroyes

pulis daavan kamniit:i  paatra

Fig. 2.4: Maatrasymbolsin Hindi andTelugu.

2.1.1.5 Halant

Sometimest is necessaryo write consonantswithout inherentvowels. To remove the
inherentvowel from a consonanta symbolcalled Halantis used. The symbolmay be an
obliquestroke underthe consonansymbol,or canchangehe shapeof theconsonanif it is

ontop of theconsonant.
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2.2 DIGIT AL STORAGE FORMAT

Anotheraspecbf diversionin electroniccontentin Indianlanguagess their digital storage
format. Formatslike ASCII (AmericanStandardCodefor Informationinterchange)lSCII
(Indian Standardcodefor InformationinterchangeandUnicodeareoftenusedto storethe
digital text datain IndianlanguagesThetext is renderedisingfonts of theseformats. This

sectiondescribedrie y abouteachstoragdormatandalsoaboutfontsandglyphs.

2.2.1 ASCIl Format

ASCII is acharacteencodingbasedon the EnglishalphabetsDigital computersaandoper
ating systemsn the early 90ssupporteconly ASCII basedencodingandhencemary elec-
tronic news papersin Indian languagesisedglyph basedfonts to storeandrenderscripts
of Indian languages.A font encodingstoredin ASCII format speci esa correspondence
betweerdigital bit patternsandthe symbols/glyph®f awritten language ASCII is strictly
aneightbit codeandrangesrom 0 to 255.

2.2.2 UnicodeFormat

To allow computerdo representry charactein any languagethe internationalstandard
ISO 10646de nesthe UniversalCharacteiSet(UCS) [4]. UCS containsthe characterso
practicallyrepresenall known languagesn theworld. 1ISO 106460riginally de ned a 32-
bit characteset. Eachcharacters assigned 32 bit code. However, thesecodesvary only
in theleast-signi cant16 bits. Table2.1 shavs the Unicoderangedor Indianlanguages.
UTF: A UniversalTransformatiorFormat(UTF) [15] is analgorithmicmappingfrom
every Unicodecodepoint (exceptsurrogatecodepoints)to a uniquebyte sequenceActual
implementationsn computersystemgepresenintegersin speci ¢ codeunits of particular
size (8 bit, 16 bit, or 32 bit). Encodingforms specify how eachinteger (codepoint) for
a Unicodecharacteris to be expressedas a sequencef one or more codeunits. There

aremary UnicodeTransformatiorFormatsfor encodingUnicodelike UTF-8, UTF-16and
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Table 2.1: Unicoderangedor Indianlanguages.

Indian Language UnicodeRange(Hexadecimal) | Unicode Range(Decimal)
Devanagari 0900- 097F 2304- 2431
Bengali 0980- 09FF 2432- 2559
Oriya 0B00- OB7F 2816- 2943
Gurmukhi (Punjabi) | 0A00- OA7F 2560- 2687
Guijarati 0A80- OAFF 2688- 2815
Tamil 0B80- OBFF 2944- 3071
Telugu 0CO00- OC7F 3072- 3199
Kannada 0C80- OCFF 3200- 3327
Malayalam 0D00- OD7F 3328- 3455
Urdu 0900- 097F 1536- 1791

UTF-32. Both UTF-8 and UTF-16 are substantiallymore compactthan UTF-32, when
averagingovertheworld's text in computersWith the adventof Unicode,UTF-8 andtheir
supportin operatingsystemsmostof the currentelectronicdocumentsarebeingpublished
in Unicodespeci cally in UTF-8 formats.Someof the news websitesvhich producelndian

languagecontentin Unicodeformatare: BBC news, Yahoo,MSN andGoogle.

2.2.3 ISCIl Format

In India since 1970s,different committeesof the Departmentof Of cial Languagesand
the Departmenbf Electronics(DOE) have beendevelopingdifferentcharacterencodings
schemeswhich would caterto all the Indianscripts.In 1983,the DOE announcedhe 7-bit
ISCII-83 code, which compliedwith the ISO 8-bit recommendationglL6]. ISCII (Indian
ScriptCodefor Informationinterchangejs a x ed-length8-bit encoding.Thelower 128(0-
127)codepointsareplain ASCII andthe upper95(160-255odepointsarel SCIlI-speci c,
which is usedfor all Indian Script basedon Brahmi script. This makesit possibleto use
an Indian script alongwith Latin scriptin an 8-bit erwvironment. This facilitates8-bit bi-

lingual representationvith Indic Script selectioncode. The ISCII codecontainsthe basic
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alphabetequiredby theIndian Scripts.All compositecharacterareformedby combining
thesebasiccharactersUnicodeis basedn ISCII-1988andincorporatesninor revisionsof

ISCII-1991 thuscorversionbetweeroneto anotheris possiblewithoutlossof information.

2.2.4 Fontsand Glyphs

Peopleinterpretthe meaningof a sentencdoy the shapesf the charactersontainedn it.

Reducedo the characteilevel, peopleconsiderthe information contentof a charactetin-

separabldrom its printedimage. Informationtechnologyin contrastmakesa distinction
betweernthe conceptof a charactes meaning(the informationcontent)andits shapeg(the
presentationmage). Informationtechnologyusesthe term “character”(or “codedcharac-
ter”) for theinformationcontent;andthe term“glyph” for the presentationmage. A con-
ict exists becausepeopleconsider‘characters”and“glyphs” equivalent. Moreover, this
con ict hasled to misunderstandingndconfusion.[17] explainsa framework for relating
“characters’and“glyphs” to resohethecon ict becausesuccessfuprocessingndprinting

of characteiinformationon computergequiresan understandin@f the appropriateuseof

“characters’and“glyphs”.

Historically, ISO/IECJTC1/SC2 (SC2) [17] hastakenresponsibilityfor the develop-
mentof codedcharactesetstandardsuchasISO/IEC 10646for thedigital representation
of letters,ideographsdigits, symbols,etc.,. ISO/IECJTC 1/SC 18 (SC 18) hasdeveloped
the standardg$or documentprocessingwhich presentghe charactercodedby SC2. SC
18 standardsncludethefont standard]SO/IEC 9541,andthe glyph registrationstandard,
ISO/IEC 10036. The Associationfor Font Information InterchanggAFIl) maintainsthe
10036glyphregistry on behalfof ISO.

Character. A memberof a setof elementsusedfor the organization,control, or
representationf data.(ISO/IEC10646-1:1993)

CodedCharacter Set A setof unambiguousulesthat establishes characterset
andtherelationshipbetweerthe charactersf the setandtheir codedrepresentation.

(ISO/IEC10646-1:1993)
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Font A collectionof glyphimageshaving the samebasicdesign,e.g.,CourierBold
Oblique.(ISO/IEC9541-1:1991)

Glyph A recognizablebstracgraphicsymbolwhichis independentf any speci ¢
design.(ISO/IEC9541-1:1991).

Indian languageelectroniccontentss scripteddigitally usingfonts. A font is a setof
glyphs (imagesor shapesyepresentinghe characterdrom a particularcharactersetin a
particulartypeface. Glyphsaregeneratedy font developersby consideringhe frequeny
it appearsn the scriptandthe place/positiorwherethey appear In typographyatypeface
is a coordinatedsetof glyphsdesignedwith stylistic unity. A typefaceusuallycomprises
analphabebf letters,numeralsandpunctuatiormarks;it mayalsoincludeideogramsand
symbolsor consistentirelyof them. A glyphis aparticularimagethatrepresentacharacter
or partof a characterGlyphsdo not correspondne-to-onewith charactersA font family
is typically a groupof relatedfonts which vary only in weight, orientation,width, etc, but
not design. Commonfont formatsare META-FONT, “PostScript” Type 1, TrueType and
OpenType. A font maybea discretecommoditywith legal restrictions.For moredetailson

Indianfonts,pleasereferto AppendixB.2to B.13.

2.3 A PHONETIC TRANSLITERA TION SCHEME

Transliterations themethodof writing scriptof onelanguagaisingthecharactersf another
languag€gusuallyEnglish). To corvenientlyprocesghetext by computemostof thetime
thelndiantext contentis corvertedandstoredin theseformats.Eventhey occupy lessspace
on the computer Hencethey could be consideredas one of the storageformats. There
exist mary suchtransliterationschemedor Indian languagedike RomanWX, ITRANS
etc.,to key-in the Indian languagescripts. Using theseschemestext of Indian languages
canbe written using Englishcharacters.This is a tremendoudeature,which lets you use
your standardenglishkeyboardwith no changesvhatsoger, to createdocumentsn Indian
languagesThefocusof theseschemesvasmainly to representhe Indianlanguagescripts

andpaidlessattentionontheimportanceof userreadabilityaspectBut theuseris concerned
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with how to key-in theIndianlanguagescripts.IT3 [5] is atransliteratiorschemealeveloped
by 1ISc Bangalore India and Carngjie Mellon University with the primary focuson user
readabilityof thetransliteratiorschemd18].

Following gures shavs somelT3 phones’ for IndianlanguagesFig. 2.5 shavs IT3
vowel phonesfor Indian languagesvhereasFig. 2.6 shavs part of consonanphonesfor

Indianlanguageskor remaininglist of IT3 phonespleaseaeferto AppendixA.1.

Language

Vowels (IT3)] Hindi |Bengali| Gujarati | Punjabi| Tamil | Telugu [Kannada| Malayalam
a 31 e | Rz it | | €2 Lw] GR
aa 3m = Ml “r = 3 ] i)
i 5 ks (5] fa & 2 Q )
i £ Ll & ot " G2 o* &0
m 5 by 5] e s & oy [5}
uu £l ¥ 6L Q sen & o [35]
51 3 a o FA1] ab 154
rx- 4 A
Ix o B K= @
I~ 3 = 5]
e T 1 ul g 1 2 o )
ei €J o & 0]
ai s 21 | = D 9 anfj)
o 3ir ull 54 s 2 2 a
00 i & & &0
au 3t 2 Ul wf [l b A =]
n: C 4 G ::‘:
h: C., 2 C‘; B
m; (= e o

Fig. 2.5:1T3 vowel phonedor Indianlanguages.

Thefollowing arethe salientpointsof this transliteratiorscheme.
1. It is case-insensie.

2. Thisschemas phoneticin nature the charactergorrespondo the actualsoundthat
is beingspolen. Thusa singletransliterationschemes usedfor all the Indian lan-

guagesasthey sharethe samesetof sounds.

3. Eachcharactelcorrespondindgo a phone/sound$houldbe not morethanthreelet-

terslength.

2|73 schemeausesthe symbols/'/ with /:/ and/-/ with / 7 interchangeably
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Language

Consonants (IT3)) Hindi | Bengali|Gujarati| Punjabi | Tamil | Telugu [Kannada | Malayalam
k & + 5 = & g 3 &
kh o iy L} H D & &l
a a 5 aL JN t3 o o
gh T q €l ul Fae) 4 =
ng- 5 & S =2 Ml 2 = [=:]
ch = & A g i3 <5 2 a1
chh o = 2] = <3 (4] a6
i El i °F H 2] 3 3 =
jh =7 A » 3 an dy [T
nj~ El ¥ ol = & | @ or 1)
t: [ B 2 = L (3] £3 s
th & 5 5 & & 3 o
d: = £ 5 =2 [l a3 o
d:h F 5 2 = el 3 s
nid- or T el = [T 5] 09 am
t d © d = i) S 3 ]
th o o 2 g=| o] 3 L0
d g il £ = [a] 3 £}
dh T 5y o ke | o] [A] w

Fig. 2.6: IT3 consonanphonedor Indianlanguagega portion).
4. Thereshouldbe minimal useof punctuatiommarksin the compositionof a character

However, attentionshouldbe paid to the following issuein using T3 notations. IT3
being phoneticin nature,a characterk’ represent& consonansound/k/ andthereis no
notion of inherentvowel (short/a/) associatedvith the consonansound. Thusto getthe
syllable/ka/ one hasto write a sequencef two characterska'. Theissueis whetherthe
IT3 characterk' shouldbemappedo the half-form of theconsonantk/ or to theconsonant
symbol,i.e., thesyllable/ka/whichis a CV unit. As IT3 is asoundbasedschemeit covers
mostof the soundunits of any new languageandary new soundunit canbe addedto the

existing IT3 codesto supportanew language Thusit is generalizecdindextendablealsoto

anew language.
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2.4 NEED FOR HANDLING FONT-DATA

Thereis achaosasfar asthetext in Indianlanguagesn electronicform is concernedNei-
thercanoneexchangehenotesin Indianlanguagesiscorvenientlyasin Englishlanguage,
nor canone performsearchon texts in Indian languagesvailable over the weh This is
so becausdhe texts arebeingstoredin ASCII (asapposedo Unicode)basediont depen-
dentglyph codes.A large collectionof text corpusassumeg@rimaryrole in building mary
languageechnologiesuchaslarge vocalulary speechrecognitionor unit selectionbased
speectsynthesisystenfor a new languageln the caseof Indianlanguagesthetext which
is availablein digital format(ontheweb)is dif cult to useasit is becausehey areavailable
in numerousencoding(fonts) schemesApplicationslik e screerreadergdevelopedfor In-
dianlanguagesndotherapplicationshave to reador processuchtext. Giventhatthereare
23 of cial Indianlanguagesandthe amountof dataavailablein glyph basedont encoding
is muchlargerthanthetext contentavailablein UnicodeandISCIl format. Soit is impor-
tantto have agenericframenork for automatiadenti cation of font-typeandcorversionof
font-datato a phonetictransliteratiorscheme.

The glyphsareshapesandwhen?2 or moreglyphsarecombinedtogetherform a char
acterin thescriptsof IndianlanguagesTo view thewebsiteshostingthe contentin a partic-
ular font-typethenonerequiresthatfont to beinstalledon local machine.As this wasthe
technologyexistedbeforetheeraof Unicodeandhencealot of electronicdatain Indianlan-
guagesveremadeandavailablein thatform. The sourcedor thesedataarenews websites
(mainly), Universities/Institutesnd someotherorganizations.They areusingproprietary
fonts to protecttheir data. Collection of thesetext corpora,identifying the font-type and
corversionof font-datainto a phoneticallyreadableransliterationschemes essentiafor
building mary naturallanguagerocessingystemsandapplications.

A characteof Englishlanguagénasthesamecodeirrespectve of thefont beingusedto
displayit. However, mostindianlanguagdontsassigndifferentcodego the samecharacter
For example(Fig. 2.7) "a' hasthesamenumericalcode 97" irrespectve of the hardwareor

softwareplatform.
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Considerfor exampletheword “hello” writtenin the RomanScriptandthe Devanagari

Script.
Font Arial Times New Roman
Word H e | l o |H & 1 1 o
Underlying byte code | 72 101 108 108 111 |72 101 108 108 111

Fig. 2.7: lllustration of glyph codemappingfor Englishfonts.

Arial andTimesNew Romanareusedto displaythe sameword. Theunderlyingcodes

for theindividual charactershowever, arethe sameandaccordingo the ASCII standard.

Font Jagran Yogesh
Word fg ¢« 3 1| T = 1 = = 71 1

Underlying byte code | 231 215 127 216 230 | 202 163 201 10% 170 201 201

Fig. 2.8: lllustrationof glyph codemappingfor Indian(Hindi) fonts.

The sameword displayedin two different fonts in Devanagari,Yogeshand Jagran
(Fig. 2.8). Theunderlyingcodesfor the individual charactersare accordingto the glyphs
they arebrokeninto. Not only the decompositiorof glyphsandthe codesassignedo them
areboth differentbut eventhe two fonts have differentcodesfor the samecharactersThis
leadsto dif culties in processingr exchangingexts in theseformats.

Threemajorreasonsvhich causethis problemare: (i) Thereis no standardvhich de-

nes thenumberof glyphsperlanguageéhencet differsbetweerfontsof aspeci c language
itself. (ii) Also thereis no standardvhich de nesthemappingof aglyphto anumber(code

value)in alanguage(iii) Thereis nostandargrocedurdo aligntheglyphswhile rendering.
The commonglyph alignmentorderstartswith left glyph followed by the pivotal character
andfollowed by ary of the top or right or bottomglyphs. Somefont basedscriptingand

renderingschemamnayalsoviolatethis orderandusetheir own.

As alreadymentionedthebasicwriting unit of anIndianlanguageas an“Akshara’and

is in theform C*V. Whenthe consonanbecomeshalf consonanthe shapechangesandfor
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vowel it becomes Maatra. Theshapechange$ut thesoundremainssame.Thesedifferent
shapedbecomeheglyphsfor afont-type. Sometimes broken partof a charactebecomes
a glyph which doesnt have correspondenc® ary sound/characterlt will be combined
with othercharacterdo producea valid character The renderingenginerendersa whole
characterby combiningand positioninga set of glyphs appropriately Becauseof these

reasongont-datain Indianlanguagess very hardto procesor corvertto aconsistenform.

2.5 SUMMARY

This chapterelaboratedhe natureof the Indian languagescripts. Also we enumeratedhe
convergenceanddivergencepropertieof Indianlanguagescripts. Lensingout the various
units/symbolsand Aksharasof thosescripts. Adoptedstandard®f digital storageformats
for scriptslike ASCII, ISCII, Unicodeandtransliterationschemeslreadyavailableis dis-
cussed.Explaining fonts and glyphsin Indian context and comparedhe glyph/codedor
EnglishandHindi. A implementedransliteratiorschemeversionIT3 which we discussed
and usedfor researclpurpose. Finally it addresseghe needfor handlingIndian context
fonts specially In the next chapterwe are going to discussfont-typeidenti cation using

TF-IDF weightsbasednethod.

26



CHAPTER 3

IDENTIFICA TION OF FONT ENCODING

The widespreacdand increasingavailability of hugeelectronictextual datafor Indian lan-
guagedasincreasedhe importanceof developinga genericmethodfor font-typeidenti -

cationof variousnon-standardont encodings.Justasin ary othertext processingystems,
screenreadershave to pre-processhe raw text databeforegiving it to TTS for synthe-
sizing. Oneof the stepsin pre-processings font identi cation. Someforms of raw data
suchasHTML containthe font-typebut in mostcaseghe font-typehasto beidenti ed at
the runtime suchfor datain MS-word or Notepad. This chaptermpresentur approachor

identifying the font-type.

3.1 PROBLEM STATEMENT

The problemof font-type(alsoreferredto asfont-encoding)denti cation couldbede ned
as:Givenasetof wordsor sentencesgdentify thefont-typeby nding theminimumdistance
betweenrntheinput glyph codesandthe modelsrepresentindont-types.

For exampleconsideraword andits glyph sequencés shown in the gure below.

5o0(Ti0) s 20 "0 o

Sotheinputwould bea sequencef ASCII valuesof the glyph sequencsuchas.
194195162147233146174253

The issueis to nd out whetherthis glyph sequencéelongsto 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
otherproblemssuchasLanguagddenti cation * andFont-Typeldenti cation in OCR (Op-
tical CharacteiRecognitiony. In languagéddenti cation, the goalis to identify the natural
languageof the giveninput data. Differenttypesof approachefollowedin languageden-
ti cation areword n-gram,charactem-gram,syllable characteristicsinorphology syntax
etc.,. Similarly, thereis a lot of work donefor font-type identi cation in OCR develop-
mentbut it is little differentfrom the currentproblemasherethe input is imageandthe
goalis to identify font-typebasedon font attributessuchassize,styleetc.,. In orderto see
the similarity of both the problemsandthe applicability of thoseapproache$or font-type

identi cation, abrief review of bothis reportedn this chapter

3.2.1 RelatedWork in Languageldenti cation

Ingle [19] useda list of shortcharacteristiovordsin variouslanguagesand matchedthe
wordsin the testdatawith this list. Suchunique stringsbasedmethodswere meantfor
humantranslators.The earliestapproachessedfor automatidanguagadenti cation were
basednthatsamedeaof uniquestrings.They werecalled“translatorapproaches”.
Beeslg's [20] automaticlanguagedenti er for on-line texts usedmathematicalan-
guagemodelsoriginally developedfor breakingciphers. Thesemodelsbasicallyrelied on
orthographideaturedik e characteristidetter sequenceandfrequenciegor eachlanguage.
Someof the methodswere similar to n-grambasedtext cateyorization (Cavnar and
Trenkle) [21] which calculatesandcomparegro les of n-gramfrequencies Cavnar also
proposedhattop 3000or son-gramsarealmostalwayshighly correlatedwith thelanguage,
while the lower ranked n-gramsgive more speci ¢ indication aboutthe text, namelythe

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

ILanguagadenti®cationis the proces®f determiningwhich naturallanguagehe givencontentis in
20CRisthemechanicabr electronidranslatiorof imagesof handwrittentypewrittenor printedtext (usually

capturedby a scannerjnto machine-editabléext
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the distancemeasureused. The similarity measuredried for languageidenti cation in-

cludemutualinformationor relatve entroyy, alsocalled Kullback-Leiblerdistance(Sibun

andReynar) [22], crossentropy (TeaharandHarper)[23], andmutualor symmetriccross
entrogy (Singh2006).

Giguet[24] reliedupongrammaticallycorrectwordsinsteadf themostcommonwords.
He usedthe knowledgeaboutthe alphabetandthe word morphologyvia syllabication.He
tried this methodfor taggingsentences adocumentith thelanguagename,i.e., dealing
with multilingual documents.

Johnsors method(Stepherl993)wasbasecdn characteristiccommonwords' of each
languageThis methodassumesiniquewordsfor eachlanguageln practice theteststring
might not containary uniquewords.

Cavnar's method,combinedwith someheuristics,was usedby Kikui [25] to identify
languagesswell aslanguage-encodingsr a multilingual text. He relied on known map-
pingsbetweenanguagesandencodingsandtreatedEastAsianlanguageslifferently from
WestEuropeanianguages.

A K Singh[26] usedcharacterbasedn-gramsand notedthe languageidenti cation
problemhereis thatof identifying bothlanguageandencoding.This is becausdespecially
for SouthAsian languagesjhe sameencodingcan be usedfor more than one languages
(ISClI for all Indianlanguagesvhich useBrahmi-originscripts)andonelanguageanhave
mary encodinggISCII, Unicode,ISFOC,typenriter, phoneticandmary otherproprietary
encodingdor Hindi). He conducteda studyon differentdistancemeasuresMost of them
arebasedon eitherwell known or basedon well known measureshut the resultsobtained
with themvis-a-visone-anothemight helpin gaininganinsightinto how similarity mea-
sureswork in practice. He hasproposeda novel measuraising mutual entrofy resulting
improved performancebetterthan othermeasuregor the currentproblem. The work de-
scribessomeexperimentson using such similarity measuredor languageand encoding
identi cation.

There hasbeenno comparablesystematicwork on multilingual text documentsal-

thoughtherehasbeensomework basedon an Optical CharacteiRecognition(OCR) sys-
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tem,suchasby Tanetal. (1999). Oneattemptat multilingual identi cation washby Prager
(1999).His Linguini systenmusesavectorspacebasednonolinguaidenti er to also nd out
thecomponentanguage®f adocumentindtherelative proportionsof each.Artemenlo et

al. (2006)tried for identifying the language$n a documentandhave reportedaccurag of

97%. But neitherof themidenti ed language®f segments.

A.K.SinghandJagadees|27] extendedhepreviouswork for identifying thelanguage-
encodingpairfor multilingualdocumentsThey dividedthe probleminto threeparts:mono-
lingual identi cation, enumeratiorof languagesndidenti cation of the languageof every
portion. For enumerationthey have beenableto geta precisionof 96.20%. They alsoex-
perimentedn languageadenti cation of eachword. Givencorrectenumerationthey could
obtaintype precisionof 90.91%andtoken precisionof 86.80%. They even shaved how

precisionis affectedby languagedistance.

3.2.2 RelatedWork in Font Recognitionin OCR

Fontrecognitionplaysanimportantrole in OCR systemg28]. Peopletried to achieveit in
asimpleandeffective way with textureanalysigegardingfontsasdifferenttextures.Gabor
Iters with traditionalparametersvereusedto extracttexture features.Sincethe Recogni-
tion Rate(RR) waslow for similar fonts someattemptstried someadjustmento improve
it. Theotherapproachs contentindependenandinvolvesno local featureanalysis.Global
featuresareextractedby textureanalysis.They appliedthewell-establishe@D Gabor Iter -
ing techniqueto extractsuchfeaturesanda weightedEuclideandistanceclassi er to ful Il
therecognitiontask. Experimentsaremadeusing6,000samplef 24 frequentlyusedChi-
nesefonts (6 typefacescombinedwith 4 styles)andvery promisingresultswereachiesed.
In [29], a multi-font classi cation schemeto help with the recognitionof multi-font
andmulti-sizecharacterslt usesypographicahttributessuchasascendersjescenderand
serifsobtainedfrom a word image. The attributesareusedasaninput to a neuralnetwork
classi er to producethe multi-font classi cationresults. It canclassify 7 commonlyused

fontsfor all point sizesfrom 7 to 18. The approachdevelopedin this schemecanhandle
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a wide rangeof image quality even with severely touchingcharacters.The detectionof
the font canimprove charactersegmentationaswell ascharacterecognitionbecausehe
identi cation of the font providesinformationon the structureandtypographicadesignof
characters.Therefore this multi-font classi cationalgorithm canbe usedfor maintaining
goodrecognitionratesof a machineprintedOCR systenregardlessof fontsandsizes.Ex-
perimentshave shavn thatfont classi cation accuracieseachhigh performancdevels of
about95 percentevenwith severelytouchingcharacters.

In [30], simpleandfastalgorithmto detectThai andEnglishcharactersn a document
without doing actualcharactersecognitionis described.The documents segmentednto
stringsof lettersseparatedhy a blank,theneachstringis identi ed usingcharactergeatures
andtheirwriting positions.Thismethodachiezes100%accuray if thecharactertave clear
headfeature.But if this featureis not used90% of the stringsstill canbeidenti ed. This
identi cation providesmoreinformationaboutthe charactesetsothatOCR canrecognize

fasterwith betteraccurag.

3.3 TF-IDF APPROACH

As discussedn the above sections the solutionsfor languagedenti cation make use of
word n-gramsor characten-grams.In usingn-grambasedapproachypically it is assumed
thatthereis sufcient amountof training datato geta betterestimateof likelihoodscores.
However, in our caseof identi cation of font-type,we would expectto detectthe font-type
from sparsealatasuchasa singleword, thusapproachesuchasword level n-gramsaretyp-
ically not applicablefor our approach.The useof characten-gramsis anotheralternatve,
however, the de nition of charactelis moreapplicableto a languagehanto a font-typeas
thedatacorrespondingo afont-typeareasequencef bytecodes At thesameime, theap-
proachesadoptedn font-typeidenti cation from OCR dealswith imagedata. While there
aremary efforts to identify the languagebut few efforts aremadeto identify the font-type
from sparsdext dataspeci cally giventhe large numberof font-typesin Indianlanguages.

Herewe proposeto usevectorspacemodeland Term Frequeng - InverseDocument
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Frequeng (TF-IDF) weightsbasedapproactfor identi cation of font-type. This approach
is usedto weigheachtermin thefont-dataaccordingo how uniqueit is. In otherwords,the
TF-IDF approachcaptureghe relevangy amongterm anddocument. To perform TF-IDF

approachit is essentiato de ne whata“term” is andwhata “document”is.

Term: It refersto a unit of glyph. In this work we have experimentedwvith different
units suchas single glyph g; (uniglyph), two consecutie glyphsg, 1g (biglyph),
threeconsecutre glyphsg 1ggi+1 (triglyph).

Document:Documentrefersthe “font-data(wordsandsentencesn a speci c font-

type'.

3.3.1 TF-IDF Weights

TheTF-IDF (TermFrequeng - InverseDocumentrequeng) weightis aweightoftenused
in informationretrieval andtext mining. Thisweightis a statisticaimeasuraisedto evaluate
how importantaword is to adocumenin a collectionor corpus.Theimportanceancreases
proportionallyto the numberof timesaterm/word appearsn thedocument.

Thetermfrequeng in the givendocumenis simply the numberof timesa giventerm
appearsn thatdocument.This countis usuallynormalizedo preventabiastowardslonger
documentgwhich may have a higherterm frequeny regardlessof the actualimportance
of thattermin the document}o give a measuref theimportanceof thetermt; within the
particulardocument.

i, =M (3.1)
k Mk

with n; beingthenumberof occurrencesf the considerederm,andthe denominators
thenumberof occurrencesf all terms.

The documentfrequeny is the numberof documentsvherethe considerederm has

occurredatleastonce.
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ifd:d3tg (3.2)

The inversedocumentfrequeng is a measureof the generalimportanceof the term
(it is the logarithm of the numberof all documentglivided by the numberof documents

containingtheterm).

e iDj
idf; = Iogj—fd 43 4g] (3.3)

with jDj total numberof documentsn the corpus
Here’log' is usedin thisformulato smootherthevalues.

jfd:d3 tigj : Numberof documentsvherethetermt; appeargthatisn; 6 0) Then
tf idf = tf :idf (3.4)

A highweightin TF-IDF is reacheddy a high termfrequeng (in the givendocument)
andalow documenfrequeng of thetermin thewholecollectionof documentstheweights

hencetendto Iter outcommonterms.

3.3.2 Usageof TF-IDF Weightsfor Modeling

The motivation for the use of TF-IDF for modeling font-datacomesfrom the fact that
TF-IDF weightsgive the relevancebetweena term and collection of suchterms. In font
modeling,we considerthis term canbe contextual glyph (like sequencef glyphs)andthe
documentcould be a collectionof suchterms. Becausen Indian language®\ksharasare
formedby combinationsf glyphsandtheseglyphshave differentcodevalues(numbers).
Sothecodecombinationghangdrom font to font. Certainglyphcodecombinationswill be
uniqueto afont-type. Suchcombinationgyethigh TF-IDF weightthanothercombinations
which helpsusto identify the font-type. Soin this context, the termrefersa "glyph’ or "a
sequencef glyphs' andthe documentefersthe “font-data(wordsandsentencesn a spe-

ci ¢ font-type'. Herethe glyph-sequenceneansuniglyph (singleglyph), biglyph (current
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andnext glyph) andtriglyph (previous, currentandnext glyph) etc.,. Sothis approachries
to capturetherelevanceamongglyph sequencepnt-typeandfont-data.This approachalso

givesdifferentweightsto aterm

occurringin onefont-type(document)
occurringin two font-types
occurringin mary font-types

occurringin all font-types

3.4 MODELING AND IDENTIFICA TION

Data Preparation: For font modelingwe needsufciently enoughdataof that particular
font-type.Sowe have collectedmanuallyandusedanaverageof 0.12million uniquewords
perfont-type.We usednearly37 differentlyencodedylyph basedont data.

Modeling Generatinga vectorspacemodelfor eachfont-typeusing TF-IDF weights
is known asmodelingthe font-data. For modelingwe consideredhreedifferenttypesof
terms. They are(i) uniglyph (singleglyph), (ii) biglyph (currentandnext glyph) and (iii)
triglyph (previous, currentand next glyph). And the documentrefersa collection of data
(wordsor sentences)f a speci c font-type.

The procedurefor building the modelsis: First we have taken all the provided data
at onceandalsowe have consideredhreedifferentkinds of termsfor building modelsas
mentionedabove. (i) First stepis to calculatethe term frequeng (Eqn (4.1)) for the term
like, the numberof time thattermhasoccurreddivided by the total numberof termsin that
speci ¢ type of data. Soit will be storedin a matrix formatof N 256 for uniglyph, N
256 256for biglyphandN 256 256 256for triglyph modeldependingupontheterm.
Where'N' denoteghe numberof differentdatatypesand256 (0 to 255)is the maximum
numbervaluefor asingleglyph. (ii) Secondstepis to calculatedocumentrequeng (Egn
(4.2)) like, in how mary differentdatatypesthat speci ¢ term hasoccurred. (iii) Third

stepis to calculateinversedocumentfrequenyg (Eqgn (4.3)) like, all datatypesdivided by
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thedocumenfrequeng. Logarithmof inversedocumentrequeng is takenfor smoothing
purpose. (iv) Fourth stepis to computeTF-IDF which is calculatediik e term frequeng
* inversedocumentirequeny (Eqn (4.4)). Finally that matrix will be updatedwith these
values. The commontermsacrossthe differentfont-type documentget zero valuesand
othertermsget non-zerovaluesdependingupontheir term frequeng values. From those
valuesthe modelsfor eachdatatypeis generated.

Identi cation: Given a setof vectorsgeneratedut of a sequencef glyph codesthe
objectve is to identify the font-typeby nding the minimum distancebetweenthe query
vectorandthe vectorspacemodels. The stepsinvolvedin identi cation of font-typeareas

follows:

Extractterms(glyph codes)from theinputword or sentence
Createthe queryvectors(uniglyphor biglyph etc.,)usingtheseterms

Computethedistancebetweerthequeryvectorsandall themodelsof font-typeusing
TF-IDF values

Theinput word is saidto be originatedfrom the model of font-typewhich givesa

maximumTF-IDF weightage

Getthe TF-IDF weightof eachword of sentencérom the modelsof all font-types

3.5 RESULTS OF FONT IDENTIFICA TION

TestData: It is typically obseredthat TF-IDF weightsare more sensitve to the lengthof
query Theaccurayg increasesvith theincreasen thelengthof testdata. Thustwo typesof
testdatawerepreparedndependentlyfor testing.Oneis setof uniquewordsandthe other
oneis setof sentences.

TestingCriteria: While testingwe areidentifying the closestmatchingmodelsfor the

giveninputs. And we areevaluatingtheidenti cation accurag in (%) asgivenbelow.

Correct

Total (3-5)

Accuracy =
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WhereCorrect : numberof correctlyidenti ed tokensand Total : total numberof
tokens.

Testing Theaccurag of afont-typeidenti cation depend®n variousfactors:

Thenumberof encodingsrom which theidenti er hasto selectone
Theinherentconfusionof onefont encodingwith anotherand

Thetypeof unit usedin modeling.

For a given X' numberof differentinputs we identi ed the closestmodelsand cal-
culatedthe accurag. It is done(repeatedly)¥or various(uniglyph, biglyph andtriglyph)
catgyories.Theresultsaretabulatedbelow.

Font-Typeldenti cation Results Thetestingis donefor 1000uniquesentence$Set1)
andwordsobtainedrom 1000uniquesentence&Set2) perfont-type. Theevaluationresults
aretalulatedbelon. We have addedEnglishdataasalsooneof thetestingdataset,andis
referredto as“English-Text”. Table3.1shavstheperformanceesultsfor uniglyph(current
glyph) basednodels;Table3.2 shavs the performanceesultsfor biglyph (currentandnext
glyph) basedmodelsand Table 3.3 shaws the performanceesultsfor triglyph (previous,
currentandnext glyph) basednodels.FromTables3.1, 3.2and3.3,it is clearthattriglyph
seemdo be an appropriateunit for atermin the identi cation of font-type. It canalsobe
seenthat the performanceat word and sentencdevel is nearly 100% with triglyph. The
resultsalsogivesthe notionthatthe performancencreasesvhenlargerthe glyph-sequence

takenfor building font-typemodels,subjectto reasonableoveragen thetrainingdata.

3.6 SUMMARY

This chapteranswersvhereandwhy we needfont-typeidenti cation. Screerreaderappli-
cationasanexamplewasdiscussedlongwith challengegndpracticalusageIn this chap-
ter we have proposedrl F-IDF weightsbasedapproacHor font-typeidenti cation. We have
explainedthe TF-IDF weightcalculationandhow thatis usedfor modelingusinguniglyph,

biglyph andtriglyph. Identi cation resultsfrom differentmodelsshow thatthe triglyph or
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Table 3.1: Font-typeidenti cation: Uniglyph (currentglyph) basedont mod-
elsperformance.

Identi®cation Accuracy | Identi®cation Accuracy
Font Name (Sentences) (Words)
Amaujala (Hindi) 100% 100%
Jagran(Hindi) 100% 100%
Webdunia (Hindi) 100% 0.1%
SHREE-TEL(Telugu) | 100% 7.3%
Eenadu(Telugu) 0% 0.2%
Vaattha (Telugu) 100% 29.1%
ElangoPanchali(Tamil) | 100% 93%
Amudham(Tamil) 100% 100%
SHREE-AM (Tamil) | 100% 3.7%
English-Ext 0% 0%

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

Identi®cation Accuracy | Identi®cation Accuracy
Font Name (Sentences) (Words)
Amaujala (Hindi) 100% 100%
Jagran(Hindi) 100% 100%
Webdunia (Hindi) 100% 100%
SHREE-TEL(Telugu) | 100% 100%
Eenadu(Telugu) 100% 100%
Vaattha (Telugu) 100% 100%
ElangoPanchali(Tamil) | 100% 100%
Amudham(Tamil) 100% 100%
SHREE-AM (Tamil) | 100% 100%
English-Ext 100% 96.3%
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Table 3.3: Font-typeidenti cation: Triglyph (previous, currentand next
glyph) basedont modelsperformance.

Identi®cation Accuracy | Identi®cation Accuracy
Font Name (Sentences) (Words)
Amaujala (Hindi) 100% 100%
Jagran(Hindi) 100% 100%
Webdunia (Hindi) 100% 100%
SHREE-TEL(Telugu) | 100% 100%
Eenadu(Telugu) 100% 100%
Vaattha (Telugu) 100% 100%
ElangoPanchali(Tamil) | 100% 100%
Amudham(Tamil) 100% 100%
SHREE-AM (Tamil) | 100% 100%
English-Ext 100% 100%

longerglyph sequencdasedmodelsperformbetter The following chapterpresentdont

cornversionanda framework to build font corvertersfor Indianlanguages.
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CHAPTER 4

CONVERSION OF FONT-DATA

Chapter3 presentedechniquedor font-typeidenti cation. This chapterpresentghe next
stepin text processingi.e., font-datacorversioninto a phonetictransliteratiorformat. Font
cornversionmeansconversionfrom glyph (font unit) to graphemgAkshaa - written lan-
guageunit). In typography!, a glyph refersto a particulargraphicalrepresentatiomf a
graphemeor a combinationof several graphemesga composedjlyph), or only a partof a
graphemeGraphemes$ includeletters,Chinesecharactersjapaneseharacterspumerals,
punctuatiormarksandotherglyphs.In computingaswell astypographythetermcharacter
refersto a graphemeor grapheme-like unit of text, asfoundin naturallanguagescripts. A
characteror graphemas a unit of text, whereasa glyph is a graphicalunit. Most glyphs
originatefrom the character®sf atypeface,whereeachcharactetypically correspond$o a
singleglyph. Thereareexceptionssuchasafont usedfor alanguagevith alargealphabebr
comple writing systemwhereonecharactemay correspondo severalglyphs,or several
characterso oneglyph. In graphonomics, thetermglyphis usedfor a non-characte(i.e)
eithera sub-characteor multi-charactepattern.
Thischapterexplainsthegeneridramavork for building font corvertersandtheprocess
of glyph assimilationfor font-datacorversionin Indian languages.As we alreadyhave
discussedn Chapter2 thatthe charactergAksharas)are split up into glyphsin font-data
andthe solutionwould be meging up the glyphsto getbackthevalid characterA generic

framework hasbeendesignedor building font corvertersfor Indianlanguage®asednthis

Typographyis the art andtechniquef type design modifying type glyphs,andarrangingtype

2agraphemas thefundamentalnit in written language
3Graphonomicss theinterdisciplinary®eld directectowardsthescienti®canalysisof thehandwritingprocess

andthe handwritterproduct
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ideausingglyph assimilatiorrules. The frameavork consistof two phasesin the rst phase
we build the glyph-maptablefor eachfont-typeandin the secondohasede ne andmodify

theglyph assimilationrulesfor eachlanguagé'.

4.1 PROBLEM STATEMENT

The problemof font-datacorversionis de ned as: Givena sequencef glyphstheobjective
is to rearrangeandcombinethemto form avalid characte(Akshara)in thelanguage.

For exampleconsideraword andits glyph sequencén the gure below.

5o0{Ti) §@0( "0 "

Sotheinputwould bea sequencef ASCII valuesof the glyph sequencsuchas.
194195162147233146174253

Theissueis to nd out how theseglyph sequencesanbe rearrangedcombinedand
mappedunambiguouslyo Askshara®of alanguage.SinceAksharasarerepresentedsing
IT3 transliteratiorschemen our work a valid outputof the font-corversionprocesdor the

above glyph sequencés expectedo bekaan' gr es.

4.2 RELATED WORK ON FONT-DATA CONVERSION

Corversionof Indianlanguageslectronicdatato a machineprocessabléormathasbecome
anessentiataskin naturallanguagerocessingSereralattemptsveremadeatfont corver-
sion. While mary focusedon text datafew wereon font dataembeddedn images.Many
attemptsverecommerciallydonewherethe sourcecodeis notreleasedor free usein other
applications. Someof suchtoolsaregivenbelow for referencelt is to be notedthateachof
thesetoolswork ononeor afew languagesut arenot genericto all IndianlanguagesAlso

supportfor anew font is noteasy
4Assimilationis the processof receiiing new factsor of respondingo new situationsin conformity with

whatis alreadyavailableto consciousness

40



(a) TBIL Data Corverter[31]: The TBIL DataCorwverteris a handytool for the quick and
effective transliterationbetweendatain font/ASCIllI/Romanformatin Of ce docu-
mentsinto a Unicodeform in any of 7 Microsoft supportedndianlanguageslt is

developedfor the Bhashaproject.

(b) FontSuvidhg32]: A tool for DevanagariFont Corversion. It allows font conversion
within Devanagarfontslike TimesNew Romanto Arial in English.Now it alsosup-
portsany Devanagarfont to Unicodefont andvice versa.lt worksonary document

typelike DOC,MDB, XLS, TXT, HTM aswell asanythingin theclipboard.

(c) I1Corverter[33]: A utility programfor variouscodecorversions.The programusesthe
library “isciilib' for codecorversion. The inputsto the programare: (1) Con gu-
ration le (2) Sourcecode le. The codecorversionis doneaccordingto the rules
speci edin the con guration le. If, no matchingrule(s)is found for ary particu-
lar code,the codeis passedinchangedo the outputstream.The con guration les
for variouscodecorversionsareprovided. Con guration les for differenttypesof

conversionscaneasilybewritten. This programis developedat lIT Kanput

Thefollowing arefreelyreleasedttemptsn font corversion.Sincethey releasegbaper
or documentationo referthey provide moreinsightto understandheproblem.We explored
andextendedthemto cover all Indian languages.They followed differentapproachesor
differentpurposesotheoutputalsovaries.Onething we would lik e to mentionhereis that

they workedon few (maybe 2 or 3) Indianlanguage®nly.

(a) AksharBharatietal.[34] havetriedto generateorvertersbetweerfontssemi-automatically
Sincelndianlanguagéexts do notfollow ary codingstandardshelongtermanswer
might be switchto a standardalphabeticodingschemgACII - AlphabeticCodefor
Informationinterchange)Basedonthis concepthey developeda system(corverter)
for Devanagarifonts. The systemtakes: (i) a text in an unknavn coding scheme
(font) and(ii) thesametext transliteratedn the ACIlI codingschemeandgenerates
converterbetweerthegivenunknavn codingschemendACIl. Theconvertercanbe

usedto corvertatext from thenon-standardodingschemeo ACII, andback.It can
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be progressiely re ned, manually For generatinghe corverter a glyph-grammar
for the scriptof thelanguages alsoneededyhich speci eswhatpossibleglyph se-
guencesnake up an Akshara. The grammars independenbf the codingschemes,
andis structuredIt needgo bedevelopedonly once for ascript. Theglyph-grammar
canhave at leastthreetypesof rules: Type 1 rulesareapplicableacrossall the In-
dianlanguagedik e schwa ("a' sound)deletionfrom an Akshara,Type 2 ruleshold
for Devanagari,and perhapdor otherscripts. Type3rules pertainto idiosyncratic

combinationof glyphsfor thatparticularstyle.

Drawbads: Someglyphsmightremainuncorvertedbecauséhetrainingdata(namely
thegivenACIl le andthecorrespondingnitial partof glyph le) mightnotbecom-
prehensie, andthe programmight not have seensomeglyphsasthey do not occur
in thislearningdata.lt is hopedthatoncealarge partof the le is corvertedtheuser
will be ableto supplythe missingcodemapandthe rulesmanually (by looking at
theremainingpartof theglyph le andmakingintelligentguessesysingwhichthe

converterwould becomecomplete.

Result: The overall corverter it is expectedwill beableto corvert90to 95% of the

glyphswith a pageor two of sampleACII text.

(b) Gag [35] hasworked on overcomingfont andscriptbarriersamonglindianlanguages
asan extensionof the work doneby AksharBharati(etal.). He tried two different
approaches$or building font corverters. (i) First oneis Glyph Grammarbasedap-
proach.Heredescriptionof eachglyphin thefont is givenusingmnemonicsn the
font glyph descriptionle. If a glyph hasequvalentISCIl/Unicodecharacterghe
equialentsaregiven. Otherwise,a mnemonics used.A samplemnemonicwould
belike“&TC1l@2" wheretop, left, right or bottomandwhole characteandposition
in that character Mnemonicsare usedto list all the smallestpossiblelogical units
thataglyph canbeapartof. A logicalunitis aglyphor agroupof glyphscombined,
that canbe encodedby the Unicode/ISCllencodingsystem. Time canbe reduced

if mnemonicsarereusedrom a font that containssimilar glyphs. Someamountof
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manualediting may be requiredto make corrections.The userspeci esthe various
logicalunitsaglyphcanbeamadeof. Theprogramuseshecontext to decidewhich
logical unit theglyph alongwith its neighborgetscorverted. Theinformationabout

glyphscanbe obtainedirom the glyph tableof a font.

Drawbadks (i) It is dif cult to list all possiblesemanticdor a glyph. (i) Some
trainingin understandinghe notation(andthe natureof script)is requiredto beable

to describenew glyphs.

Results Devanagari(Jagran/ Kruti / ShushaP0% and Telugu (Eenadu Vaarttha)
75%.

(i) Secondneis Finite StateTransducebasedapproachThis approachusesexam-
ple basedmachinelearningtechniqueso generatd-inite StateTransducersTrans-
ducerlearningalgorithmshave beenusedin the EUTRANS projectwhich aimsat
usingexamplebasedapproachefor the automaticdevelopmentof machinetransla-
tion systemdor limited domainapplicationsandhave beenshown to givealow word
errorrate. TheseFinite StateTransducersanbe automaticallylearnedirom syllable
mappingf font encodedext to Unicodetext. The Finite StateTransducergncode
the correspondencleetweerglyphsandequivalentISCIll/UnicodecharactersThese
canbe automaticallylearnedfrom parallelcorpora. The input to theseis a parallel
list of syllables.Thetraining setconsistof a parallelcorpusconsistingof syllables
asa sequencef glyphsandtheir translationinto ISCII. Thesetransducersffer a
clearadwantageover otherstatisticalmachindearningtechniquesin thatthemodels
thatthey depictare easilyinterpretabldoy humans.As a resultthey are potentially
modi able to suit one's needs.Moreover domainknowledgeaboutthe input or the

outputcanbeincorporatedo improve their performance.

Drawbadks (i) nite statetransducersannotlearnglyph movement.(ii) the exam-

plesrequiredfor trainingmustbe unitssmallerthanwholewords.

Results Devanagari(Jagrar/ Kruti / ShushaP8% and Telugu (Eenadu Vaarttha)
93%.
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(c) Khudanpurand Schafer[36] have followed a newv approachn font corversion. They
have usedtwo kind of mapping les for afont charactefglyph). Oneis CHARMAP
le which givesa mappingbetweenthe charactercodes(in ASCII) to a ITRANS

charactestringlik e givenbelow.

159=shr
168=i.n
177=h

126= @3
154=.N

Theotheris CLASSMAPIe which givesa mappingbetweerthe charactecodeg(in
ASCII) to aclassde ned by themlik e givenbelow. Theseclassegprovide thenotion

aboutthe placeof occurrenceandotherinformations.

255LFRAG (Left Fragment)

22 RFRAGXV (Right Fragmentowel)
205SYL (Syllableor Akshara)
209RFRAG (Right Fragment)

While cornverting the font text, they retrieve the characteicodevalue(in ASCII) of
thatcharactedelimitedby spaceandword boundaryy “;”. Eventhoughthisformat
occupiesmorespaceandtakesmoreprocessingime, compromisedn theinterestof
cornvenience.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. Furtherprocessings doneto corvert to
ITRANS. They have reportedthis on Devanagarifonts. They insist on rapid font
converter building than on the accurag (which was believed to be achiered with

someadditionalmodi cations).

(d) Kumaretal. [37] have worked on developing semi-automatedr automatedools for

developing OCRsfor Indian scripts. Basedon study on the natureor featuresof
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Indianlanguagescripts,they identi ed four mainproblemsin developmeniof OCRs
like (a)thenumberof lettersin thealphabetthetypicalnumbetbeing50, (b) richness
of thestructureof basicunitin thelanguageasthecombinatiorof upto 3 consonants
and 1 vowel forms the basicunit, (c) the variationsin the graphicalform of the
differentcombinationseven within the samescript, and (d) non-adherencéo ary
standardtructurewhile designinghefonts. It isto benotedthatthey have workedon
imagedata. They collectedlarge data(imagesof printedhardcopies)for trainingas
well asfor testing. The segmentatioralgorithmis designedo producethe segments
(graphemespf the imagesthen suitablefeaturesare extracted. The boundariesof
thesegmentsaretunedbasedn the outputon thetrain data. The OCRis thentested
againsta new script's dataandtuned. They found it working well but they face

problemwhenthefont sizeis small.

The inferencefrom above discussedvorks are (i) mappingbetweerthe glyph codeto

somemetaformatlik e phoneticnotationor somegrammaitis essentiabnd(ii) onthis meta

dataeitherrules have to be de ned or the machinehasto be trainedto learnusingsome

parallelcorpora. To achieve the maximumperformancédollowing requirementsareto be

themappingfrom glyph codesto a metanotationshouldbe unambiguous.

in rule basedcorversion,stageby stagecorversionhasto happen.And thosestages

shouldbein aspeci c ordet

in machinelearningbasedcorversion,the parallel corporashouldhave coveredall

possiblecombinations.

manualinterventionor correctionsshouldbe minimal.

In our work, we do anunambiguouglyph codemappingby attachingthe positionnumber

alongwith the phoneticnotation. We have identi ed the differentstagesn the conversion

andhave orderedthemaccordingto their precedenceWe have written well de ned rules

undereachstage. Earlier approacheseedthe effort to be repeatedor eachfont whereas
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in our approachthe effort is for only threedifferentfonts of differentfont-families of a
languageo build the corverter To adda new font, only glyph-maptableis requiredandno
morerepetitionof effort. Hencewe provide asolutionateachlanguagdevel anda new font

couldbeaddedeasily

4.3 EXPLOITING SHAPE AND PLACE INFORMATION

As we have seenalreadyin Chapter3 (couldalsobe obsenedfrom Fig. 4.1 andFig. 4.2),
the naturalshapeof a vowel or consonanthangesvhenthey becomehalf-consonantr
Maatrarespectrely. Thesesymbolsgetattachedn differentplaces(top, bottom, left and
right) while forming an Akshara.For instancedf we considetthe charactefrr/, theshapeand
placeof attachmentn the Aksharaare differentacrosdanguagesFromthe belov shavn
gures, Fig. 4.1shovs how /r/ changests shapeandplacein Hindi andFig. 4.2 shovs how
Ir/ changests shapeandplacein Telugu. In thiswork we intendto capturethe information
regardingthe changeof the shapeof Aksharadependingon the position,andincorporatet
in our font-datacorversionprocess.

HAR ERIIT] AAHA
amar (ra} pragati (rS) vartamaan (1)

Fig. 4.1: Shapeandpositionchangeor /r/ in Hindi.

DS0SD TORS

chiran:jiivi (ra} kaan:gres (12)

Fig. 4.2: Shapeandpositionchangeor /r/ in Telugu.

The novelty of our approacHies in exploiting positionalinformationof a glyphin Ak-
sharato performthe corversion. We exploit this informationfor building the glyph-map
tablefor a font-type. It is possiblefor a native spealer of the languageby looking at the

shapeof the glyph to saywhetherthat glyph occursin centey top, left, right, bottom po-

46



sition of an Akshara. Thuswe followed a simple numbersystemto indicatethe position

informationof a glyph.
Glyphswhich couldbein pivotal (center)positionarereferredby code0/1.
Glyphswhich couldbein left positionof pivotal symbolarereferredby code2.
Glyphswhich couldbein right positionof pivotal symbolarereferredby code3.
Glyphswhich couldbein top positionof pivotal symbolarereferredby code4.
Glyphswhich couldbein bottompositionof pivotal symbolarereferredby code5.
Following gures depictthe positionnumberassignmento glyphs. Fig. 4.3 shows the
positionnumberassignmentor glyphsfor Hindi andFig. 4.4 for Telugu.In thetop portion

of the gure it shavs the word considerechereandright below it distinguishedifferent

positionspictorially.

Fig. 4.3: Assigningpositionnumberdor Hindi glyphs.

Independenvowelsareassigned0' or nothingaspositionnumber All the dependent
vowelsknown as“Maatras”occuratleft or right or top or bottomsideof a pivotal character
(vowel). Sothey areattachedwith positionalnumberdike 2 (left), 3 (right), 4 (top) and5
(bottom). Thisis commonfor vowels acrossall IndianlanguagesMost of the consonants
will be eitherfull or half andoccurat center So accordinglythey areassigned or 1 as
positionalnumber Someof the half consonantslsooccurrarely at the left, right, top and

bottomof afull characterThey areassigned positionalnumbetike 2, 3,4 and5 according
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Fig. 4.4: Assigningpositionnumberdor Teluguglyphs.

to their place. But theseare speci ¢ to somelndianlanguage$ut arenot commonfor all

Indianlanguages.

4.4 BUILDING GLYPH-MAP TABLE

Glyph-Maptableis a maptablewhich givesa mappingbetweerthe glyph code(0 to 255)
to a phoneticnotation. This tablegivesus the basicmappingbetweerthe glyph codingof
thefont-typeto a notationof atransliteratiorschemeAs anovelty in ourapproaciwe have
attachedgomenumberalongwith thephoneticnotationto indicatethepositionof occurrence
of thatglyphin that Akshara. The variouspositionor placesof occurrencef suchglyphs
are: left, right, top and bottom of a pivotal character The way the position numbersare
assigneds "0' or nothingfor a full characte(eg: e, ka), 1' for a half consonantgeg: k1,
pl), 2' for glyphsoccurat left handsideof a pivotal charactefeg: i2, r2), "3' for glyphs
occuratright handsideof a pivotal characte eg: au3,y3), 4' for glyphsoccurattop of a
pivotal charactefeg: ai4,r4) and'5' for glyphsoccurat bottomof a pivotal characteeg:
u5,t5).

To illustratewith somereal font text we have given below in the Fig. 4.5 the position
numberdor glyphs. Glyphsoccurin differentplacesor positionsaregroupedin different
colors. We have coveredvowel glyphs aswell as consonanglyphs here. For more on

glyph-mappindor differentindianlanguagespleaseeferto AppendixB.2to B.13.
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Fig. 4.5: Exampledor assigningpositionnumberdor glyphs.

The position numbersalong with the phoneticnotationhelp us to form well distin-
guishedglyph assimilationrules,becausevhensimilar glyphsareattachedn differentpo-
sitionsthey form differentcharactersFor eachandevery font in alanguagehe glyph-map
table hasto be preparedmanuallyin this way. That meansthe glyph-maptable corverts
differentfont encodingto a metadatawhich is in a phoneticnotation. It is obsered that
whenwe do suchglyph-mappingfor threedifferentfonts of a languagewe have covered

almost96% of possibleglyphsin alanguage.

4.5 GLYPH ASSIMILA TION

Glyph Assimilationis known asthe processof meiging two or more glyphsandforming
a singlevalid character This happensn mary levelslike consonantissimilation,Maatra
assimilationyowel assimilationrandconsonantlusteringandin thatorder

The identi cation of differentlevels and orderingthemis anotherimportantthing we
presenthere. Broadly they canbe classi ed into four levels. They arelanguageprepro-
cessing,consonantssimilation,vowel assimilationand schwa deletion. Underlanguage

preprocessingevel, languagespeci ¢ modi cations like Halantand Nukta modi cations
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arecarriedout rst. Becauseafter this processonly valid characteglyphs (and not sym-
bols)areallowed. The next stepis to reconstructhe pivotal consonanin an Aksharaif it is
present.This canbedoneunderthreesub-leselslik e consonanassimilationconsonanand
vowel assimilationand consonantglustering. Thenwe canform the vowels from the left
outglyphs.Finally we have to do theschwa deletionbecausevhena consonanandMaatra
meigetogethertheinherentvowel (schwa) hasto beremoved.

This assimilationprocesshasbeenobsened acrossmary Indianlanguagesndfound
thatthey follow certainorder The orderis: (i) Modi er Modi cation, (ii) LanguagePre-
processing(iii) ConsonantAssimilation, (iv) Consonant-gwel Assimilation, (v) Maatra
Assimilation,(vi) Vowel-MaatraAssimilation,(vii) Consonant€lusteringand(viii) Schwa
Deletion.Theideais to rst revealthepivotal consonanin an Aksharaandthenthevowels.

Fig. 4.6 shavs how the font corversionis happendn Hindi with an exampleword.
First phasegivesthe outputin metanotationandthe secondphasere-ordersmodi es and
assimilateghe Aksharasbasedon rules. Finally the positionalnumbersget removed to

revealthe corvertedword in a phonetictransliteratiorform.

Fig. 4.6: Glyph AssimilationProcesgor Hindi.

Fig. 4.7 shavs a similar examplefor Telugu.
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Fig. 4.7: Glyph AssimilationProcesgor Telugu.

4.6 RULES FOR GLYPH ASSIMILA TION

Glyphassimilatiorrulesarede ned by observinghow the characterarebeingrenderedy
therenderingengine.Eachrule takesacombinatiorof two or moreglyphsin a certainorder
andproducesvalid characterThiswaywe have de ned a setof rulesfor eachlevel andfor
everylanguageeparatelySincethey arewrittenin thephonetidransliteratiorschemdIT3)
it is easilyunderstandableTheremay be somecommonrulesacrossmary languagesand
somespeci c rulesfor alanguagelso. Thedifferentrulesundereachandevery catejoryare
explainedwith someexamplesbelov. Theserulescanbe modi ed or rede nedwheneer
it is required. For a completelist of glyph assimilationrules perlanguagepleasereferto
AppendixC.1to C.9.

(i) Modi er Modi cation is the processwherethe characterget modi ed becausef the

languagemodi ers like HalantandNukta. 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)(Halantbasedmnodi cation)

(i) Language Preprocessingstepsdealwith somelanguagespeci ¢ processindike Eg:

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

(b) r4 (REF)movesin front of theprevious rst full consonan{Hindi) (REFmove-

ment)

(c) r3 movesin front of the previous rst full consonan{Kannada)Arkka votthu

movement)

(i) Consonanfssimilationis known asmeiging two or moreconsonanglyphsto form a

valid singleconsonantik e Eg:

() d1+ h5+ a4=dha(Telugu)(Consonantsla+ haassimilateto dha)
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(b) tta+ k3 = kta (Bengali)(Consonant$ta + k3 assimilateto kta)

(iv) Consonant-®wel Assimilationis known asmeiging two or moreconsonanandvowel

glyphsto form avalid singleconsonantik e EQ:

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

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

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

(v) Maatra Assimilationis knowvn asmemging two or more Maatraglyphsto form a valid

singleMaatralike Eg:

(a) aa3+ e4= 03 (Hindi) (Maatraassimilation)

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

(c) e2+ e2=ai3 (Malayalam)(Maatraassimilation)
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(vi) Vowel-Maatia Assimilationis known asmeiging two or morevowel andMaatraglyphs

to form avalid singlevowel like Eg:

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

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

(vii) ConsonanClusteringin known asmeging the half consonantvhich usuallyoccurs

attheleft, right andbottomof a pivotal characteto thefull consonantike Eg:

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

(b) r2 +t1 + ad4=tra(Telugu)(r2 consonantlustering)

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

(viii) The StwaDeletionis deletingtheinherentvowel /a/ from afull consonanin neces-

saryplacedike Eg:
(a) va+ii3 =vii (Hindi) (Maatrabasedschwa deletion)
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4.7 PERFORMANCE ANALYSIS

Data Prepamation: In the developmentphasefor eachfont, "N' differentsetsof wordswere
preparedor eachiterationto de ne the assimilationrules. In thetestingphase500 unique
wordsfrom anew font wereusedto checkthe corverterperformance.

Training: At beginningasimplecornverteris built with minimalglyphassimilatiorrules.
The corverteris testedwith the rst setof wordsby generatinghe output. Thena native
spealer (or a linguist) is asked to evaluatethe output. He/shegivesthe evaluationresults
besideghecorrectionfor thewrongly corvertedwords. Basedon thatinputthetheexisting
rulesare modi ed or a new rule is added. Again the updatedcorverteris testedwith the
next setof words. Thefeedbacks collectedandmodi cation or updateof therulesis done.
This processs repeatedintil we reachnoneor minimal corversionerrors. This processs
repeatedor anotherfont of thelanguagelt is found sufcient to train threedifferentfonts
of differentfont-familiesfor eachlanguage At theendof this procesave will behaving the
corverterfor thatlanguage.

Testing We passa setof 500 wordsfrom a new font of thatlanguageto the already
built font corverter The outputis againevaluated.This is consideredasthe performance
accuray of thatfont corverter

Evaluation We have taken500uniqguewordsperfont-typeandgeneratedhecorversion
output. TheevaluationgesultyTable4.1)shaov thatthefont corverterperformsconsistently
evenfor anew font-type. Soit is only sufcient to provide the glyph-maptablefor a new
font-typeto getagoodcornversionresults.In theTable4.1third columnshawvseithertraining
or testing. Traininginvolvesa setof fonts consideredor de ning andrede ning the glyph
assimilationrulesfor a languagewhile building the corverter Testinginvolvesa font is
usedto testor evaluatethe alreadybuilt font corverterof that language. Here for some
languageglik e Punjabi,BengaliandOriya) testingwasnt carriedoutsincewe couldnt nd

more downloadablefonts. In the caseof Telugu,the numberof glyphsandtheir possible
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combinationsarelarger thanotherlanguagesAlso it is commonfor all Indianlanguages
that the pivotal charactemglyph comes rst andother supportingglyphscomenext in the
script(Section2.4). But in Teluguthe supportingglyphsmay comebeforethe pivotal glyph
which createambiguityin formingassimilatiorrules.Hencethecorverterperformedower

thanotherconverters.The conversionresultsaretalulatedbelow in Table4.1.

4.8 RAPID FASHION OF BUILDING FONT CONVERTERS

Theotheraim of thisresearchs to nd amethodto build font convertersrapidly for Indian
languagesWe have achieredthis by following glyph assimilationprocesgo build a single
font corverterperlanguage.lt is to be notedthatthe corverteris for all fonts within that
languageThesefont corvertersareworking basedn a setof glyph assimilatiorrules. And
theserulesarede ned/writtenonametanotationknown aspositionalphoneticnotations.So
the corvertersareindependentf font of alanguageout theglyph-maptablesaredependent
on fonts. To add a new font apartfrom the trainedfonts, one needsto prepareonly the
glyph-maptablefor the new font. Usingthe existing font corverterof thatlanguagepne
cangetthe corverteddataby passinghe glyph-maptableandtheinput text. For building

theglyph-maptablefor a new font a native spealer hardlyit takes1-2 manhours.

49 SUMMARY

In this chapterwe proposedhe genericframavork for building font corvertersfor Indian
languagesandthe relatedworks which provide readily availabletools. Two phasesn the
framework glyph-mappingand glyph assimilationis discussed.Shapeand positioninfor-
mation of the glyph is exploited to do an unambiguousnapping. Handlingthe glyph as-
similation processand varioustechniqueswith rules have beende ned undereachstage
with examplesto solve assimilation. Finally font convertersare built usingthe proposed
methodologyfor gettingoptimumcorversionresults.In brief, the chapterexplainshow to

rapidly build a corverterfor a new font without modifying the existing corverter but by
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Table 4.1: Font-dataconversion:Performanc&esultsfor 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%
Chanaka 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%
Thoomis 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%
Guijarati Krishna Training | 99.6%
Krishnaveb 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 the glyph-maptable. The next chapterdealswith how thesefont
identi cation and font cornversionmodulesare integratedwith a screenreaderfor Indian

languages.
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CHAPTER 5

RAVI: A MULTI-LINGU AL SCREEN READER

This chaptempresentsa screerreader(viz. RAVI) for Indianlanguagesvhich implements
the text processingechniguesdescribedn the earlier chapters. RAVI (ReadingAid for
Visually Impaired) [38] is a GUI basedscreerreadingsoftwarefor Indianlanguagesilt is
developedbasedn a comprehensie andintuitive designmethodology This systemassists
the userfor navigating throughthe computerand readshelp information basedon event
triggeredor messagopped. It readsmenu,text boxes, dialogsandall otherwidgetson
thecomputerscreenlt guidesthe userto navigateandto opena programor anapplication
which userwantsto usewithout othershelp. Right from the startingof the computeror
executionof thesoftware theusers alwaysprovidedwith adequat&oiceoverandverbosity
to operatsit.

This softwareseamlesslyntegrateswith almostall the variantsof the Windows operat-
ing systems.To enablethe end-useto work independentlusingthis software,we provide
appropriateaudio/speecBupportfor eachlettertyped/keyedwith audioalertsin caseof ary
unsupportedtey is pressedHowever, themostvital featureof this softwareis its supportfor
handlingindianlanguagesndcompatibilityto usewith MS Of ce suite,InternetExplorer
andmary othernative windows applications.A laboratorydevelopedText-to-SpeectBys-
temis integratedwithin RAVI to synthesizen Indianlanguages.Two independenspeech
enginesareinternally usedby RAVI. Onefor synthesizingenglishvoice using“Microsoft
TTS” [39] systemandotheronefor Indianlanguages$indian languagdl TS” [40] [41] sys-
temdevelopedatllIT HyderabadOurscreerreadelidenti es thelanguagespeci ¢ contexts
andautomaticallyselectdo the respectre synthesizerThe currentversionof the software

supports ve IndianlanguagesamelyHindi, Telugu, Tamil, KannadaandMarathi.
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5.1 PROPOSEDRAVI ARCHITECTURE

TheproposedRAVI systemarchitecturen Fig. 5.1is modularbasedandit consistof three
sub-systems.They are (i) Text Extractorsub-system(ii) Text Preprocessingub-system
and(iii) Text-to-Speeclsystemsub-systemThesub-systemarefurtherdividedinto mary

modulesasgivenbelow.

Fig. 5.1: RAVI SystemArchitecture.

Theforemostis text extractionsub-systemfunctionally classi edinto:

— (i) WindowsEventHandlerfor capturingthe systemwide eventsandmaintain-

ing therelatedmessagem stack
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— (i) Keyboad or Mouselnput for interfacingwith the userto getthe keyboard

command mouseclick input

— (iii) Applicationrecagnizerfor identifying eventsraisedby which active appli-

cationor by which objectsuchasbutton,checkbox etc.,and

— (iv) Text extractor for extractingthe relevanttext andsometext featureqespe-
cially font name)from the active applicationor objectbaseduponthe current

cursorposition.
Secondlytext preprocessingub-systenis functionallyclassi edinto:
— (i) Text encodingor font-typeidenti er for determiningwhetherthe extracted

text is encodedn Unicodeor ISCII or ASCII typefont

— (ii) Text corverter for corverting thesedifferentencodedext into a phonetic

transliteratiomotationl T3

— (iii) Text normalizerfor corverting the Non-StandardVord (NSW) (like cur

reng, time, dateetc.,.)into a standargronounceable/readabiMords,and
— (iv) Languae identi er for identifying the languageconstituentfor selecting
appropriatel TS system.
Lastly text-to-speel systemsub-systenis functionallyclassi edinto:
— (i) TTSselectorfor switchingbetweendifferentlanguagel TS systemsbased
onlanguage
— (ii) Woiceloaderfor loadingdynamicallyavailablevoicefor currentlanguage

— (iii) Voiceinventoryfor maintainingprerecorde@peectsggmentsandlanguage

relatedfeatures

— (iv) Unit selectionalgorithmfor selectingthe optimal speectsegmentfor con-

catenatiorand

— (v) Speeh seggmentconcatenatiorfunction for concatenatingand smoothing

the selectedsegmentsto generatehe speeclcorrespondingo IT3 text.
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5.1.1 Componentsof RAVI ScreenReader

Developingafull- edged screerreaderfor Indianlanguagess notonly achallengingout a
dauntingtaskconsideringhe eventualitiesaspectsnvolvedin the designandimplementa-
tion. As we have addressethe commonissuesn developinga screerreaderin the Chapter
1, we now look into someintrinsic applicationsuchasinternaltext storagejdentifying the
font type name,identifying the languagecorverting andnormalizingthe text asTTS ren-
derableform (IT3 data)andinvoking the TTS systemwhich is capableof synthesizinghe
voice for theidenti ed languageext on the screen.Modulesrequiredfor theseaddressing

issuedorm integral component®f RAVI, functionallythey are:

Internal Storage Formatof Text: Thetext extractormoduleextractstherelevanttext
whichais complicatedaskfor Indianlanguageshecausé¢hetext canberepresented
in differentformats,like mark-up(tagged)formats,encrypted proprietaryformats
etc. Relevanttext extractionmeanspart or positionof text suchasword, cell, title,
cursorposition etc., such elds explicitly restoresthe text for retrieving in future.
Even sometimeit is helpful if we areableto identify the correspondindont name
also. More over a suitabledatatype hasto be identi ed to storeinternally the ex-
tractedtext. In this regardwe facedproblemon trying to extractandstoreUnicode
data.Laterwe foundthatwe shouldusea suitabledatatypeto retrieveit. Soweiden-
ti ed anduseddatatypeslike ANSI C stringandcharactepointerfor ASCII based
text andbinary string (bstr) for Unicode(UTF-8) datato storeinternally. Extracting
text from NotepadandWordPadis complicatedsincethey don't have any ObjectLi-
brary les. Sowe wererestrictedto usecursorpositionandWindows messageso

extracttherelevanttext.

Font Processing As we have learnedin theintroductionChapter2 that mostof the
Indian languageelectroniccontentis available in differentfont encodingformats.
Indian languagecontentprocessings a real world problemfor a researcherHere
processingncludesidentifying the font encodingand corverting the text into TTS

renderablenput format. To procesghe font-data rst andforemostjob of a screen
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readeris to identify the underlyingencodingor font. Therewill be no headeiinfor-
mationlike in the caseof Unicode(UTF-8) encodingor a distinguishedASCII code
rangedor Englishandindianlanguagesikein ISCII. All we cangetis thesequence
of glyph codevalues(ASCII values). So thesecan be identi ed through statisti-
cal modelingor machinelearningtechniques.The statisticalmodelsare generated
by following somestatisticalmethodsusingthe glyph codes.Corvertersor models
aredevelopedusingsomemachindearningalgorithmto learnthe glyph codeorder
And thesecorvertersor modelsare capableof identifying the font usingthe statis-
tical models.Our font identi cation moduleusesvectorspacemodelsfor font-type

identi cation (Chapter3).

Text Preprocessing In screenreaderperspectie text processingneanscorverting
theextractedtext into someencoded/compatiblrmatfor the TTS systemj.e font-
to-1T3 conversion, Unicode-to-IT3corversion, ISCII-to-IT3 corversionetc. Then
we needto normalizethe corvertedtext. Text normalizationis the processof con-
verting non-standardavordslik e numbersabbreiations, titles, curreny etc.,to ex-
panded/naturalpronounceableyvords. This canbe achiezed by writing a text Nor-
malizerfor eachandevery languageor designinga genericframework which ts for
mostof thelanguagesThereis onemorestepwhichis optional.If we areusingsome
third party TTS systemghenwe needto corverttext in our notationto the notation
supportediy that TTS system sincethe input notationfor TTS is vendor/dgeloper
speci c. If we areusingour own TTS systemthenthereis no suchoverhead.Font

Corvertermoduledoesfont-to-IT3 corversionandis coveredin detailin (Chapter).

Languae Identi cation: The languagenformationof the text is very importantto
invoke theright TTS system. This canbe donein two wayseitheridentify the lan-
guageof theextractedtext (raw text) or identify thelanguagdrom the corvertedtext
(phonetictext). Basedontheextracted/identi edfont nameit identi es thelanguage,

elseit identi es thelanguageéasedn the phoneticsequences.
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5.1.2

Implementation

For developinga screerreadertherearebasicallyfour optionsto getthe informationfrom

theoperatingsystem(Windows). Following approachearegivenin theorderof compleity

to implement.We exploited rst threetechniquesandcombinedlyusedin ourimplementa-

tion, lastoneconsideredspartof futurework.

(i)

(ii)

(iii)

(iv)

5.1.3

MSAA[3] : MicrosoftActive Accessibilityprovidesaccess$o mostof theapplications
bundledby Microsoft. Sinceit hasbeendesignedpeci cally to provide interfacefor
assistve devices, it is default to testanduseit. This beingstandardvay to retrieve
informationfrom theapplicationsbesideghis onealsogetsimplicit objectsprovided
for theprogrammerAll thecommoncontrolsaresupportey MSAA, availablefor
MicrosoftapplicationssuchasMS Word, MS Excel,andInternetExplorerincluding

Outlook Expressetc.

COM [42] : ComponenObjectModel which is widely usedin window basedap-
plicationsto exposea lot of functionality throughautomationcomponents.This is
relatively usefulasit is a standardvay of communicatiorbetweerapplicationsthen

MSAA inheritsthis modelfor applicationinterface.

Win32 API: Window's 32 application programminginterface can be usedwhere
MSAA and COM are not supported. The complity of this approachis limited

to structuralinformation.

Lastresortwould be to capturevideodriver interceptbut harderto implementthan

said.

Merits of ProposedAr chitecture

The robustnesof this architectures the Plug-and-Play(PNP) feature,also with easeof

allowing userto adda new moduleor replacethe existing onewith latest. Sinceall func-

tionalitiesaresegregatedanddesignedn modularapproachigakesit lucid for userto ensure

thatthe con guration detailsandinterfacesare mentionedappropriately It expectsthe in-
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terfacesand con guration detailsshouldcorrelateindependenof internalimplementation
aspects.For instance,upgradingwith muchmore ef cient applicationfor extractingtext
from InternetExplorer just one canreplacethe old one by the latestsalong ensuringthe
con guration. And alsoif we wantto adda whole new applicationto it, we just needup-
dateit and provide the interfacesand the con guration. All modulesare DynamicLink
Libraries(dlls) hencefortithe nev modulenamehasto beregisteredin the RAVI con gu-
ration le andtheinterfaces(APIs) have to belistedappropriately The maincon guration
le is aravi_con g.ini (systemle) le which hashierarchical sectionsfor ead module
Undereachsectionor sub-sectiorthe requiredinformationis provided in hashtable with
key, value.Sotheapplicationloadsthis systemle andretrievestherequiredmodulename
andits interfacepointersandaccomplisheshe requiredtask. Crux of this architecturdies

in easeof augmentindanguagefont, applicationandTTS.

(a) Supportfor a New Language:Providing supportfor a new languagethe components
speci ¢ to languageare vector spacemodelsfor fonts, font corverterfor that lan-
guageandtext normalizerfor thatlanguagethenthe TTS systemof thatlanguage.
Thesemoduleshaveto beregisterednto thecon guration(ravi_con g.ini) le under
Section[Languageljin ravi_con g.ini asdiscussedbore. No morechangeseedto
be donein the core software. It will acceptandload thosemodulesautomatically

performingappropriateaction.

(b) Giving supportfor a New Font: To add supportfor a new font userneedsto follow
two steps.Firstly the vectorspacemodelof thatfont is to be addedto thelist under
Section[FontModels]in ravi_con g.ini. Secondly addingthe glyph-maptable of
that font under Section[GlyphMapTables]in ravi_con g.ini. In the phaseof font
identi cation, the font identi er will nd model of the font and hencewe can get
thefont name.Thenfrom [FontCorverter] Sectionin ravi_con g.ini, we cangetthe
requiredfont corvertermodulename. The font converterusesthis glyph-maptable

andcorvertsthetext 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,Load\Wwice,SpeakandStop.UndereachT TS Section(eg: [HINdITTS])
the four commandsshouldbe provided. Sothe screerreaders totally independent
of TTS architectureusedfor text synthesissupportedunctionalitiesetc.,. It only
expectsthesebasicinterfacepointersto producethe speechoutput. Whenthe text
andthe languaganformationare passedo the TTS sub-systemt selectsthe right
synthesizeautomaticallypasedon the language It loadsthe TTS with the selected
voice andsynthesizeshe text into speechandthenplaysit out. During the time of

togglingof TTS or closingthe application,t stopsthecurrentrunningTTS system.

(d) Supportfor a New Application: Including supportfor new applicationis bit compli-
cated.Useris restrictedo avail this facility asof now but developerhasfreehandon

it to addnew applicationmodulewithout disturbingthe existing system.

5.2 ASPECTSOF USERINTERFACE

Thecommonuserinterfaceadoptedn RAVI is throughstandard/defultinput devices(key-
boardor mouse).It performsthe desiredactionaccordingto pressingthe shortcutkeys (a
combinationof keys) or focus of mouseor single click by the user It automaticallyan-
nounceghe error or statusmessageo the user Providing interfacethroughkeyboardwe
followed two kind of supports; rstly utilizing the default windows shortcutkeys and our
own de ned applicationspeci ¢ shortcutkeys.

In designingthe shortcutkeys for applications,we referredthe existing commercial
screemreadersandcollectedfeedbackirom the users.Fromthis test/benchmarkinge ob-
sened that the existing screenreadersoffer a lot of shortcutkeys which are practically
impossibleto rememberor too confusingfor the users. So we wantedthe minimal setof
shortcukeyswhichcoversall basicfunctionalitiesaddressingheeaseof remembranceAc-
cordingly we designedshortcutkeys for eachandevery applicationsupportedor reading
lik e previous, currentandnext word or sentence.

And we foundthatthe usersarewell familiar with the default windows shortcutkeys.
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So we utilized thosekeys asit readily provides supportfor normaloperations.They can
accesghe applicationmenus,buttons, list boxesetc., usingthe default windows shortcut
keys.

Blind usersalways preferredto usekeyboardonly, eventhoughsometimegshey want
mousesupportalso. Sometimesiormalusersor studentsalsousescreerreadeyin thatcase
they prefermousansteadf keyboard.Sowe providedmousesupportalsoby playingaloud
theobject,menuitem, buttonetc.,throughmousefocusor click.

In the GUI of thesoftware,we alsoprovidedmenudike le, help,languagepptionsand
settings.Usingthis usercanaccessomesampleles or helpdocumentBy usinglanguage

menuusercanchangdanguagespeci ¢ TTS supportat operatingsystemlevel.

5.3 FUNCTIONALITIES COVERED

The functionalitiesofferedin RAVI is classi ed into two. Firstly the generalor basicand
secondlyapplicationspeci ¢ functionalities. The generalfunctionalitiesare speakingout
time, dateandreadingthe text of simpleedit controlor rich edit control. It speakut the
menu,combobox andlist boxitemsandthe selectedtems. Applicationspeci ¢ functional-
ities arespeakingout the cell positionin Excelsheetgotothelastslide of the presentation,
speakingout the subjectof themail in Outlooketc.,.

They aretalulatedin Table5.1 undercateyoriessuchasgeneral of ce suite,Internet
applicationsandcontrols. For eachcategory the numberof itemssupportecandtheir func-

tionalitiesarelisted out.

5.4 TESTING AND EVALUATION

Ergonomicsystemdike RAVI aredesignedusingmodularizedsub-systemsarecomposed
of procedureandfunctions.Henceforthestingprocesshouldthereforebecarriedin stages
wheretestingis scaledout incrementallyin conjunctionto systemimplementation.Tradi-

tional systemtestingprocesgonsistof ve stagesGenerallythe sequencef testingactiv-
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Table 5.1: Functionalitiessupportedy RAVI.

Category Item Functionalities
General readstext ascharacterword, sentencendparagraph
informstext attributeslike font size,typeandstyle
echoeghecharacteor word is beingtyped
navigatingandaccessinghe desktop
readingout controlpanel,startmenuandmenusof variousapplications
readingvia keyboardcommandsndmousemavement/click
optionto changeT TS or language®nthey
Of®ce suite MS Word readsprevious, next andcurrentcharacteor word or sentence.
announcesabouttables formatandalignment
MS Excel readscell contentjnformsrow or columnnumberandspeakut formula
WordPad readsrich editcontrolsandprevious, next andcurrentcharacteor word or sentence
Notepad readsprevious, next andcurrentcharacteor word or sentence
PowerPoint readsslidesinformations,contentsandnavigatesthroughslides
Outlook readsmail attributeslike From, To, Cc, Bcc, subjectmail contentandnavigatesthroughmails

Inter net Applications

InternetExplorer

readspreviousandnext lines, links informations,

headingaindimagegalt text)

News Portals readsheadlinespews items(wholecontentor line by line) andnavigatesto pages
Email supportseadingemailsin all leadingemailserviceproviders

Controls PushButton readsthe captionandits state
Checkbox readsthe captionandits state

RadioButton

readsthe captionandinformswhetherit is checled or not

Group

readsthe groupnamethentheitems

Drop-Donvn Combobox

readsthelabelandthe contentof the editcontrol

Drop-Down Listbox

readsthelabelandthe selected/focuseitem

SimpleCombobox

readsthe contentof theeditcontrol

SingleLine Edit Control

readsprevious, next andcurrentcharacteor word

Multi-Line Edit Control

alongsingleline edit control capabilitiest readspreviousandnext line,

sentenceandparagraphs

List Box

readsthe selected/focuseitemin thelist

StaticControls

readstheentiretext of the staticcontrolsinceit maybeamessager alabel
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Controls | Calendar readsthe dateinformation

ProgresBar readshe percentagef taskis done

Tooltip Control | readsthetool tip text

TreeView readsthe currentitem andthelevel in thetree

ities arecomponentesting,integrationtestingandusertesting. This is aniterative process

wherethe feedbackrom onetestingstageis pipedto the next testingstage.

(a) Unit Testing Individual componentsare testedto ensurethat they operatecorrectly
Eachcomponents testedndependentlyvithout othersystemcomponentsWe have

doneanin-housetestingof eachunit.

(b) ModuleTesting A moduleis a collectionof dependentomponentsA moduleencap-
sulategelatedcomponentso canbe testedwithout othersystemmodules.We have

doneanin-housetestingof all modules.

(c) Sub-systeniesting This phaseanvolvestestingcollectionof moduleswhich have been
integratedinto sub-systemsThe mostcommonproblemwhich arisesin large soft-
ware systemsare sub-systeninterfacemismatches.So the sub-systemestprocess
shouldthereforeconcentratenthedetectiorof interfaceerrorsby rigorouslyexercis-
ing thesanterfaces We have doneanin-houseestingof sub-systenafterintegrating

all modules.

(d) SystenTesting Thesub-systemareintegratedto make up the entiresystem.Thetest-
ing processs targetedfor nding errorswhich resultfrom unanticipatednteraction
betweensub-systemand systemcomponents.lt is alsodealswith validatingthat
themeetgst' sfunctionalandnon-functionarequirementsThistestingis doneby the

targetedusersotherthanin-houseusersandthe feedbackaccounted.

(e) Acceptancelesting This is the nal stageof testingprocessbeforethe systemis ac-
ceptedor operationalise.The systemis testedwith the datasuppliedby the system

procurerratherthansimulatedtestdata. This testingrevealsrequiremenproblems,
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wherethe systemdoesnot really meetthe usersneedor the systems performances

unacceptableThisis alsocalledasalphatesting.

When a systemis to be marked as a software product, a testing processcalled beta
testingis done.Thistestinginvolvesdeliveringa systento anumberof potentialcustomers,
agreeingo usethe system.They reportthe problemso the developers After this feedback,
thesystems modi ed andeitherreleasedor furtherbetatestingor for generabkale.We have
compiledthis testingby circulatinga copy of the softwareto outsidepeopleandcollected
feedbackfor the sametask. And, alsowe have donereal-timetesting by installing the
software at L.V.PrasadEye Hospital [43], Hyderabadin their teachinglab. They have

successfullyestedandprovidedthefeedbackrom the blind students Someof themare:
It is easyto instal.
Featurego de ne their own shortcut-leys/hot-keysfor acommand.
Improvethefeatureto Il-up on-lineapplication/form.
Provide morevoicesperlanguagesothatthey canchoosehe suitableone.

All theseand othercommentscollectedfrom mary otheruserswill be updatedn the

next comingversion.

5.5 LIMIT ATIONS

Every systemhasits own limitations. RAVI is alsono exception,listed belon aresomeof

them.

Text extraction: At timesRAVI fails to extractthe text from somecontrols(eg: lan-

guagebar)which do notexposeary interfaceto extracttext.

OSlevel support:RAVI providesoperatingsystemevel supportfor Indianlanguages
usingdictionaries.All thebasiccommandsretranslatedn theinterestedanguage.
But thesedictionarieshave limited entries. So it may fail to translatethe new/rare

words.
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TTS switching: When switching betweenone languageto anothey the TTS takes
considerableime to load the voice databaseAnd if the switchingis sofrequent,it

mayfail to loadit andeventuallycrashe®r hangup.
TTS buffer size: TTS may oftenhave input buffer limitation problems

Font identi cation: RAVI comeswith modelsfor fonts currentlyin usageandcan
identify thefont name.For any newly developedfont, it is capableof building models
by providing the sufcient training data. However it fails to identify the font for

which the modelis missing.

Font Corversion: RAVI comeswith glyph-maptablesfor fonts currentlyin usage
andcancornvertthosetext. For ary newly developedfont, it is necessaryhateither

theRAVI developeror theuserhasto provide the glyph-maptable.

Languageidenti cation: Since RAVI is developedto work with only Indian lan-
guagesit will identify any Indian languagebut it will fail to identify any foreign
languageSoit will try to speakoutin English.

5.6 SUMMARY

This chapterdealswith the designand developmentof the multi-lingual screenreaderfor
Indian languages.Variouscomponentgor processinghe Indian languagespeci ¢ issues
werediscussedA new modularbasedarchitecturdor the screerreaderandits advantages
suchaseasdo addane~ modulei.e plugandplay (PNP)is highlighted.Modulesexplained
in the previous chaptersfont identi cation andfont conversionhave beenintegratedwith
the software. Customizedunctionality for variousapplicationsandintuitive controlswere
listed out. Softwaretestingparadigmdor testingandbenchmarkingcreernreaderis done

andfeedbacks/resultgreregistered.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

Giventhatthereare23 of cial languagesnd11 scriptsin India, the amountof electronic
text availablein glyph basedont is greaterthanthetext availablein Unicodeformatwhich
makespreprocessinthefont-datanecessaryin thisthesiswe have proposed nev method
for identi cation of font-typeusing TF-IDF approachand have designeda genericframe-
work for building font corvertersto corvert font-datato a phonetictransliterationscheme.
We have demonstratetheeffectivenes®f our conversionto beashighas99.5%on 37 fonts
of 10 differentlanguages.This thesisalso explainedthe natureanddif culties associated
with Indianlanguageslectronicdata. Theresultsshow the proposednethodologiearesuit-
ablefor processindont-datafor IndianlanguagesTheadwantagesnddisadwantage®f the

two proposedhpproacheareasfollows:

(i) Biglyph (currentandnext glyph) basedont-typemodelsyield goodclassi cationresults
andarealsotime effective. For moreaccurateclassi cationonecanconsidettriglyph
or moreglyphsfor modeling.In font-typemodelingwhenthenumberof glyphsin the
glyphsequencéncreasest consumesnorespaceandtheprocesss computationally
slower. In font-typeidenti cation it takesmoretime to load the modelinto memory

andalsothemodel les occupy morespace.

(i) In font-datacorversionwe foundthatthreedifferentfont-typeof differentfont-families
datais sufcient to train or to de ne assimilationrulesfor alanguage A new font-
type datacanbe corvertedwith the sameaccurag by providing only the glyph-map
tableof the new font-type. We have achiared 99.5%overall accurag. Althoughnot
encounteredn our obsenations,theremay be a rarefont in alanguage~vhich may

requireadditionof new rules. The effectivenessf the framewvork hasbeenveri ed
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for developmenbf font corvertersin all IndianLanguages.

As anoutcomeof this thesis,we have developedRAVI (ReadingAid for Visually Im-
paired) [38] a GUI basedscreernreadingsoftwarefor Indianlanguagesit wasdeveloped
basedon a comprehenske andintuitive designmethodologywith plug-in-playarchitecture
to addnew font corverters,text-to-speeclsystemsn a easyfashion. This systemassists
the userfor navigating throughthe computerand readshelp information basedon event
triggeredor messagopped. It readsmenu,text boxes, dialogsandall otherwidgetson
the computerscreenlt guidesthe userto navigateandto opena programor anapplication
which userwantsto usewithout othershelp. Right from the startingof the computeror ex-
ecutionof the software,the useris alwaysprovidedwith adequateroice over andverbosity
to operatsit.

However, the mostvital featureof this softwareis its supportfor handlingIindianlan-
guagesand compatibility to usewith MS Of ce suite, InternetExplorerand mary other
native windows applications.Two independenspeectenginesareinternallyusedoy RAVI.
Onefor synthesizingenglishvoice using“Microsoft TTS” [39] systemandotheronefor
Indianlanguagesindian languageTTS” [40] [41] systemdevelopedat IIIT Hyderabad.
Our screenreaderidenti es the languageappropriatefont-type, performsfont-corversion
andautomaticallyselectghe respectie synthesizerThe currentversionof RAVI software

supports ve IndianlanguagesamelyHindi, Telugu, Tamil, KannadaandMarathi.

6.1 FUTURE WORK

We have plannedto createand add more glyph-maptablesfor more fonts for all Indian
languagesWe have plannedo improve thequality andincreasehe supportby addingmore
fonts with the screenreadingsoftware. Needto designa nev methodologyfor websites

which do notreleaseheir 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 Indianlanguagecharacters.
One canobsere that the IT3 phonesare assignedaccordingto the pronunciationof the
phonesn the native language.This makesit very easyto understandhe notationanduse
it effectively. Fig. A.1l shows the remainingconsonanphoneslist in IT3 scheme.The

mappingis shovedfor 8 differentindianlanguages.

Fig. A.1: IT3 consonanphonedor Indianlanguages part2.



APPENDIX B

FONT CHARTS AND FONT GLYPH MAP TABLES

In this appendix,we provide font chartsfor two fonts namely Eenadu(Telugu) and
Jagran(Hindi). It givesanideahow the glyphsareaccommodateth the ASCII coderange
(0 to 255). This kind of chartis necessaryo preparea glyph maptablefor every font as
showvn in the gures B.4 to B.13. By looking at this charta linguist or a native spealer of
thatlanguagecaneasily preparethe glyph maptable. The rows and columnsof this table
arein decimalwhich areusedto calculatethe the glyph code. The glyph codevaluefor a

glyph/cellis calculatedik e column+ row value(80 + 2 = 82).

Fig. B.2: Portionof Eenadu~ont Chart- Telugu.



Fig. B.3: Portionof JagrarFont Chart- Hindi.

As statedpreviously, theglyph-maptablespreparedor differentlanguagesreprovided
belov. Theleft mostcolumnin the tableis the glyph codeandon its right areit's corre-
spondingglyph andequialentIT3 notationwith positionnumberattachedIt clearlyshowvs

thatfor asinglecodevaluedifferentglyphsgetassignedor differentfonts.
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Fig. B.4: Portionof Hindi Glyph Map Table.

Fig. B.5: Portionof MarathiGlyph Map Table.
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Fig. B.6: Portionof GujaratiGlyph Map Table.

Fig. B.7: Portionof BengaliGlyph Map Table.
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Fig. B.8: Portionof Oriya Glyph Map Table.

Fig. B.9: Portionof PunjabiGlyph Map Table.
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Fig. B.10: Portionof Tamil Glyph Map Table.

Fig. B.11: Portionof TeluguGlyph Map Table.
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Fig. B.12: Portionof KannadaGlyph Map Table.

Fig. B.13: Portionof MalayalamGlyph Map Table.
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APPENDIX C

GLYPH ASSIMILA TION RULES FOR INDIAN LANGUAGES

In this appendixwe provide the glyph assimilationrulesde ned by usandusedin the
abose mentionedont corverters.For every Indianlanguage setof glyphassimilatiorrules

aregivenunderrespectie levels. Rulesarewritten usinglT3 scheme2.3.

C.1 GLYPH ASSIMILATION RULES FOR HINDI

C.1.1 Modier Modi cation
(i) full consonant Halant= half consonant
(i) (d'a,d'ha,ra)+ Nukta= (d-a,dh-a,r'a)

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

C.1.2 LanguagePreprocessing
() REF(r4) movesbeforethe rst full consonant
(ii) i+r4=ii
(i) n: + Maatra= Maatra+ n:
(iv) half consonant aa3= full consonant

(v) i2 movesto next of thenext full consonant

C.1.3 Maatra Assimilation

() aa3+e-4=0-3



(i) aa3+e'4=0'3

(i) aa3+ed4=03
(iv) aa3+ai4=au3
(v) aa3+ei4=03

(vi) aa3+ ein:4=o0n:3

C.1.4 Vowel Assimilation
() a+o0-3=o0-
(i) a+0'3=0'
(i) ato=o0
(iv) a+au3=au
(v) ataa3=aa
(vi) e+e-3=e-
(vi) e+e3=¢
(viii) e+e3=ai

(iX) ei+eid=ei

C.1.5 ConsonantCluster

full consonant (consonant2/3/5F consonantluster

C.2 GLYPH ASSIMILA TION RULES FOR TAMIL

C.2.1 Modier Modication

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

(i) aa3+ Halant=r1
(i) aa3+ (i4 orii4) =rl+ (i4 orii4)

(i) (e2,ei2,ai2)+ consonant consonant- (e2,ei2,ai2)

C.2.3 Maatra Assimilation
() e2+aa3=03
(i) ei2+aa3=003

(iii) e2+l'a=au3

C.2.4 ConsonantCluster

full consonant (consonant2/3/5F consonantluster

C.3 GLYPH ASSIMILA TION RULES FOR GUJARATI

C.3.1 Modier Modication

(i) full consonant Halant= half consonant

C.3.2 LanguagePreprocessing

() REF(r4) movesbeforethe rst full consonant
(i) 12 movesto next of thenext full consonant
(i) left Maatra+ consonant consonant- left Maatra
(iv) m:l+n:=m:

(v) full consonant- m:1+ n: = full consonant e-3

85



C.3.3 Maatra Assimilation
() aa3+e4=03
(i) aa3+m:1=0-3
(i) aa3+ai4d=au3
(iv) aa3+ein:4=o0n:3

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

C.3.4 Vowel Assimilation
() ated=e
(i) a+e-3=o0-
(i) a+o03=0
(iv) at+aid=ai
(v) atau3=au

(vi) a+aa3=aa

C.3.5 ConsonantAssimilation

AssumeCONSO-= (kh1, g1, ghl,chl,bl, bhl,pl,tl, thl, trl, tt1, shl,shhl,sl,x1, nl,
nd-1,nj-1,nn1,m1,y1,v1,11,1'1, hl,hyl,dyl)

() CONSO+aa3= +a

(i) CONSO+0-3= +e-3

(i) CONSO+03= +e3

(iv) ruu+ aa3=stra

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

full consonant (consonant2/3/5F consonantluster

C.4 GLYPH ASSIMILATION RULES FOR MALA YALAM

C.4.1 Modier Modi cation

(i) full consonant Halant= half consonant

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

C.4.2 LanguagePreprocessing

(i) e2+e2+ consonant consonant- e2+ e2

(i) left Maatra+ consonant consonant- left Maatra

C.4.3 Maatra Assimilation
() e2+e2=ai3
(i) e2+aa3=03
(i) ei2+aa3=003

(iv) e2+au3=au3

C.4.4 Vowel Assimilation
() ete2=ai
(i) o+aa3=o00
(iii) i+au3=ii
(iv) u+au3=uu

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

full consonant (consonant2/3/5F consonantluster

C.5 GLYPH ASSIMILATION RULES FOR TELUGU

C.5.1 Modier Modi cation

(i) full consonant Halant= half consonant

(i) n: +Halant=r1

C.5.2 LanguagePreprocessing

(i) a4+ (n:,pl,s1,shhlhl, phl,chl)=(n:,pl,sl,shhlhl,phl,chl)+a4
(ii) left Maatra+ consonant consonant- left Maatra
(i) ai5+ed=ed+ aib
(iv) (vowel or n:) + (ed4or 04) + consonant consonant (e4or 04)
(v) hl+aad4=ha

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

C.5.3 ConsonantAssimilation

(i) half consonant a4= full consonant
(i) n:+ad=ra
(i) n: + half consonant Maatra=rl1 + half consonant Maatra
(iv) (h5+ di) or (di + h5) = dhi
(v) (h5+d1)or(d1+h5)=dhl

(vi) (h5+sl)or(sl+h5)=s1
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(vii) (d1+thl)or(thl+d1l)=dhl

(viii) (h5+ d5)or (d5+ h5)=dhl
(ix) (h5+d'1l) or(d'1 +h5)=d'h1
(x) (chl,pl)+h5=(chl,phl)
(xi) h1+ a4+ aad=ha

(xii) v1+u3=ml

(xiii) ri +thl = thi

C.5.4 Maatra Assimilation

() (a4+ Maatra)or (Maatra+ a4)= Maatra
(i) (e4+aib5)or(ai5+ed)=ai3
(i) ed4+id=ei4
(iv) o4+i4 =004

(V) u3+u3=ul

C.5.5 Consonant-\bwel Assimilation
(i) e+h5=phl
(i) e+tad=va
(i) e+ Maatra=pl+ Maatra
(iv) ba+ul=ru
(v) va+u3=ma
(vi) va+uu3=maa
(vii) vl+ad+ (uloruul)=ma+ (uloruul)

(viii) vi+ed+ul=mo
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(iX) vl+ei4+u3=moo
(X) v1+ed+uu3=moo
(xi) vl1+ad+uu3=maa
(xi) vl1+ad4+u3=ma
(xii)) vi+u3=mi
(xiv) vi +i4 + u3=mii
(xv) vi +uu3=mii
(xvi) n:+ (uloruul)=yi
(xvi) yl+a4+u3=ya
(xviii) yl+a4+uu3=yaa
(xix) yl+eid+u3=yei
(xx) y1+ed+uu3=yoo
(xxi) yl+ed4+u3=ye
(xxii) yl+u3=yi
(xxiii) ya+u3=ya
(xxiv) ya+uu3=yaa
(xxv) pl+u3=ma
(xxvi) pl+a4+u3=ma
(xxvii) pl+e4+ uu3=ghoo
(xxviii) pl+a4+u3=ghu
(xxix) pl+ a4+ uu3=ghoo
(xxx) phl+u3=ghl
(xxxi) phl+ad4+ul=ghu

(xxxii) phl+a4+ uu3=ghu
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(xxxiii) pha+u3=gha
(xxxiv) pha+ul=ghu
(xxxv) shhl+u3=jhl
(xxxvi) shhl+ad+ul=jhu
(xxxvii) shhl+ad4+u3=jha
(xxxviii) m1+ed4+u3=mo

(xxxix) m1l+ e4+ uu3=moo

C.5.6 ConsonantCluster

full consonant (consonant2/3/5F consonantluster

C.6 GLYPH ASSIMILA TION RULES FOR KANNADA

C.6.1 Modier Modication

(i) full consonant Halant= half consonant

(i) ul+ Halant=u3

C.6.2 LanguagePreprocessing

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

(i) left Maatra+ consonant consonant- left Maatra

C.6.3 ConsonantAssimilation

(i) half consonant a4= full consonant
(i) etad=va
(i) n:+u3=yl
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(iv) n: +u3+ad=yl

C.6.4 Maatra Assimilation

() (a4+ Maatra)or (Maatra+ a4)= Maatra
(i) (ed4+ai5)or(ai5+ed)=ai3
(i) e4+ (uu3oruu5)=03
(iv) (e4+ii3) or (ii3 + e4)=ei3

(v) u3+ul+aad=aa3

(vi) u3+u3=ul

C.6.5 Consonant-\bwel Assimilation
() e+tad4+u3=ma
(i) e+ad4+uu3=maa
(i) e+aad=vaa
(iv) e+ed+ul=mu
(V) e+ed+u3=me
(vi) e+ed+u3+ii3 =mei
(vi) e+ed+u3+aib=mai
(viii) e+ed4+u3+uu3=mo
(iX) e+ed+u3+uu3d+ii3 =moo
(X) ri +jh3+u3d=jhi
(xi) yil +u3=vyi
(xi) yl+u3=ya

(xiii) yl+uu3=aa
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(xiv) yl+ed4+u3=ye
(xv) yl+ed4+u3+ii3 =yei
(xvi) yl+ed4+u3+uu3=yo
(xvii) yl+ed4+u3+uu3+ii3 =yoo
(xviil) yl1+e4+uu3=yuu
(xix) yel+u3=ye
(xx) yel+u3+ii3 =yel
(xxi) yel+u3+ ai5=yai
(xxii) yel+u3+uu3=yo
(xxiii) yel+ u3+ uu3+ii3 =yoo
(xxiv) yel+ uu3=yo
(xxv) yel+ uu3+ii3 =yoo
(xxvi) ya+ (u3orul)=ya
(xxvii) ra+jh3=jha
(xxviii) ra+jh3+u3=jha
(xxix) phl+u3=ghl
(xxx) va+aa3=maa
(xxxi) va+ul=mu
(xxxii) va+uu3=muu
(xxxiii) vl+o03=mo
(xxxiv) v1+ 003=moo
(xxxv) vl+ed+u3=me
(xxxvi) vl+ed+u3+ii3 =mei

(xxxvii) vl+ed+u3+ai5=mai
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(xxxviii) vi +u3=mi
(xxxix) vi +u3+ii3 = mii
(xxxx) rl+e4+jh3=jha
(xxxxi) rl+e4+jh3+u3=jhe
(xxxxii) rl+ed+jh3+u3+ii3 =jhei
(xxxxiii) rl+e4d+jh3+u3+ai5=jhai
(xxxxiv) rl+ed+jh3+uu3=jho
(xxxxv) rl+ed+jh3+uu3d+ii3 =jhoo
(xxxxvi) shi+ consonant ii3 = shi+ consonant i3

(xxxxvii) shi+ii3 =shi+i3

C.6.6 ConsonantCluster

full consonant (consonant2/3/5F consonantluster

C.7 GLYPH ASSIMILA TION RULES FOR PUNJABI

C.7.1 Modier Modication

(i) full consonant Halant= half consonant

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

C.7.2 LanguagePreprocessing

(i) (n:orm:) +right sideMaatra= Maatra+ (n: or m:)
(ii) left Maatra+ consonant consonant- left Maatra
(i) om:1+m4=om:

(iv) i2 + consonant i2 movesnext to thenext full consonant

94



C.7.3 Vowel Assimilation
() a+aa3=aa
(i) a+aa3n:=aan:
(i) a+a-4=a-
(iv) a+aid=ai
(v) a+aud=au
(vi) i1+i2=i
(vii) i1 +i3 =ii
(vii) ul+u5=u

(iX) ul+ed=e

C.7.4 ConsonantCluster

full consonant (consonant2/3/5F consonantluster

C.8 GLYPH ASSIMILATION RULES FOR BENGALI

C.8.1 Modier Modi cation

(i) full consonant Halant= half consonant

(i) (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
(i) 12 movesto next of thenext full consonant
(i) (m: or n:) + Maatra= Maatarat+ (m: or n:)

(iv) (shl,kh1,p1,nd-1,91,thl,dhl)+ aa3= (shakha,pa,nd-a,ga,tha,dha)
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C.8.3 Maatra Assimilation
() (aud+e2)or(e2+ aud)=ai3
(i) e2+aa3=03
(i) e2+aa3+aud=au3

(iv) e2+au3=au3

C.8.4 Vowel Assimilation
() a+aa3=aa
(i) (e+aud)or(aud+e)=ai

(i) (o+aud)or(aud+o0)=au

C.8.5 ConsonantAssimilation
(i) tta+ k3 =kta
(i) tra+k3=kra
(i) cha+ chha=chchha
(iv) tra+r3=kra
(v) dba+h3=ddha
(vi) kba+r3=Kkka
(vi) x4+ k3 =kta
(vi) dba+ uu3=ddha
(vii) bba+ uu3=bdha

(viii) nba+ii3 = ndha
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C.8.6 Consonant-\bwel Assimilation
() da+aud=u
(i) ha+aud=i
(i) (d'hs+ aud)or (aud+ d'ha)=ta
(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 (consonant2/3/5F consonantluster

C.9 GLYPH ASSIMILATION RULES FOR ORIYA

C.9.1 Modier Modi cation

(i) full consonant Halant= half consonant

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

C.9.2 LanguagePreprocessing

(i) left Maatra+ consonant consonant- left Maatra
(i) REF(r4) movesbeforethe rst full consonant

(i) 12 + consonant i2 movesnext to thenext full consonant
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C.9.3 Maatra Assimilation
() e2+aa3=03
(i) e2+au3=au3
(i) e2+ai4=ai3

(iv) e2+04=ai3

C.9.4 Vowel Assimilation

() a+aa3=aa

C.9.5 ConsonantAssimilation

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

C.9.6 ConsonantCluster

full consonant (consonant2/3/5F consonantluster
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