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Abstract

The rapid evolution of information technology (IT) has prompted a massivety in digitizing
books. Accessing these huge digital collections require solutions, whichnable the archived ma-
terials to be searchable. These solutions can only be acquired thraggfrale in document image
understanding. In the last three decades, many significant developnaset®een made in the recog-
nition of Latin-based scripts. The recognition systems for Indian language very far behind the
European language recognizers like English. The diversity of aedhvinted document poses an ad-
ditional challenge to document analysis and understanding. In this werkxplore the recognition of
printed text in Telugu, a south Indian language.

We begin our work by building the Telugu script model for recognition atidpéing an existing
optical character recognition system for the same. A comprehensive atudll the modules of the
optical recognizer is done, with the focus mainly on the recognition module. /e dtaluate the
recognition module by testing it on the synthetic and real datasets. We athieeEcuracy of 98% on
synthetic dataset, but the accuracy drops to 91% on 200 pages frorcatiees books (real dataset).
To analyze the drop in accuracy and the modules propagating erroseate datasets with different
qualities namely laser print dataset, good real dataset and challengirdataset. Analysis of these
experiments revealed the major problems in the character recognition modulebséfred that the
recognizer is not robust enough to tackle the multifont problem. The clxssifiomponent accuracy
varied significantly on pages from different books. Also, there wasge ldifference in the component
and word accuracies. Even with a component accuracy of 91%, tleeagouracy was just 62%. This
motivated us to solve the multifont problem and improve the word accuracign® these problems
would boost the OCR accuracy of any language.

A major requirement in the design of robust OCRs is the invariance of &aiiraction scheme
with the popular fonts used in the print. Many statistical and structural 'estuave been tried for
character classification in the past. In this work, we get motivated by tlentreciccesses in object
category recognition literature and use a spatial extension of the histad@iented gradients (HOG)
for character classification. We conducted the experiments on 1.46 milliogureharacter samples in
359 classes and 15 fonts. On this data set, we obtain an accuracy 8¥®64A¢h an SVM classifier.

Typical optical character recognizer (OCR) only uses local informattwout a particular character
or word to recognize it. In this thesis, we also propose a document leviel\@tich exploits the fact
that multiple occurrences of the same word image should be recognized ssttkevord. Whenever
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the OCR output differs for the same word, it must be due to recognitiomservide propose a method
to identify such recognition errors and automatically correct them. First, multiplannoes of the same
word image are clustered using a fast clustering algorithm based on lociiitige hashing. Three
different techniques are proposed to correct the OCR errors binigalk differences in the OCR output
for the words in the cluster. They are character majority voting, an alignteehhique based on
dynamic time warping and one based on Progressive Alignment of multiplesegst In this work,
we demonstrate the approach over hundreds of document images figlishEand Telugu books by
correcting the output of the best performing OCRs for English and Telligel recognition accuracy at
word level is improved from 93% to 97% for English and from 58% to 66%Tl&ugu. Our approach
is applicable to documents in any language or script.
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Chapter 1

Introduction

1.1 Background

This is an era of digitization. Many attempts are being made to digitize knowledgse Books are
the source of knowledge, one can argue that digitizing the books is digimiogledge. Digital infor-
mation enables effective access, reliable storage and long term kn@wlElig led to the emergence of
Digital Libraries, which are huge collection of document images. Advano&sre information tech-
nology like cheap storage and imaging devices played a key role in theiogdevent. Efforts are being
made to digitize literary, artistic and scientific works. Apart from better acaad easier preservation,
they can also be made available to the global community freely.

Figure 1.1 Digitizing the books by scanning them into images

Michael Hart came up with an idea of making the famous texts available freeletgane through
Project Gutenberg in 1971 [8]. Itis the oldest digital library named in tm@hof Johannes Gutenberg,
the 15" century German printer who started the type printing press revolutionelsa@e digitization
projects are underway at Google, the Million Book Project [9], and hateArchive [6]. With continued
improvements in book handling and presentation technologies, digital libemeesmpidly growing in



popularity propelled by Google [1], Yahoo! [10], and MSN [7]. Justlidraries have ventured into
audio and video collections, so have digital libraries such as the Interobiva.

The advantages of a digital library as a means of easily and rapidly augédsmoks, archives and
images of various types are now widely recognized by commercial intenedtpublic bodies alike.
Some of the advantages of the digital libraries as summarized by Million [5@safielows:

e No physical boundary: The user of a digital library need not to go to the library physically;
people from all over the world can gain access to the same information, @&$oan Internet
connection is available.

e Round the clock availability : A major advantage of digital libraries is that people can gain
access 24/7 to the information.

e Multiple access: The same resources can be used simultaneously by a number of institations a
patrons.

e Information retrieval : The user is able to use any search term (word, phrase, title, namegtyubje
to search the entire collection.

e Preservation and conservation Digitization is not a long-term preservation solution for phys-
ical collections, but does succeed in providing access copies for nsitidwaa would otherwise
fall to degradation from repeated use.

e Space: Traditional libraries are limited by storage space, digital libraries have ttenfial to
store much more information, simply because digital information requires very pittysical
space to contain them and media storage technologies are more affor@abdeéhn before.

e Added value: Certain characteristics of objects, primarily the quality of images, may be im-
proved. Digitization can enhance legibility and remove visible flaws such as siad discol-
oration.

Extensive research is being carried out to make the digital contentsitleg® users through index-
ing and retrieval of relevant documents from the collection of images [@0t&xt [23, 5], video and
audio [21, 35]. Despite the advantages of having digital libraries, the risgjoe is how to make these
large document collections searchable. The documents need to beabdayreh access the relevant
information in them. The current trends in the application of Document ImagygeRa techniques in
the field of Digital Libraries are summarized in [55]. The associated keyntdopical issues are how to
make these large document collections searchable to access relevamaiida in them. Here we are
only concerned with the textual content in the data. The direct way to maldotwenents searchable
is by using the Optical Character Recognizers. The document image istéednrOptical Charac-
ter Recognizer, which gives Unicodexf) as output. This can be stored and used for retrieval. The
task of searching the documents is thus reduced to searching the text.| Gpacacter Recognizers



can effectively solve this problem provided it has a high recognition raterecognizing the text in the
documents correctly. Hence, success of text image retrieval systems aegdelyds on the performance
of optical character recognizer.

1.2 Motivation

With the emergence of digital library, there has been a huge increase iigttization of the doc-
uments. The enormous increase in the document image collections requiresiatensaiutions to
enable the users access these collections. Extensive research isdvaiedjout to make this huge data
pool accessible and make the collection put to optimal use. This requirssleneavledge of document
understanding, specifically in the field of image recognition.

Optical Character Recognizers are at the heart of these retrievahs/sThere has been a signif-
icant improvement in the recognition of the documents in Latin-based scrigtsame of the oriental
languages [59, 67, 79]. Many attempts are being made to develop raimshdnt analysis systems
[13, 19]. Latin scripts have high accuracy OCR systems with limited variatiofenis [45, 81]. De-
veloping OCR systems is difficult compared to the traditional OCR systems. Thecause of the
presence of large number of symbols, spatial distribution of the script,dat@nguage models and
the complexity of the language. The lack of proper segmentation technitpoeadals to the problem.
Because of these reasons and more, the Indian language OCRs arg tagjgnd [67]. These problems
are additional challenges posed by the Indian language OCRs on BEorlamguage OCRs.

Document related issues like quality, printing issues also pose challengereztignition. In addi-
tion to these the system must also adapt to the degradations like cuts, mergékese are the common
problems for OCR irrespective of the language. Attempts are being madédddffR systems with
high generalization capabilities [59]. However, when it comes to the suitabfligpverting an old
book to text and providing a text-like access, the present OCRs ard fosuifficient [34]. The perfor-
mance of these recognizers decline as diverse collection of documetitaifween fonts and poor in
quality) are submitted for recognition. Furthermore, the requirement ardiit OCR systems to deal
with different languages is the drawback of recognition based apipesa®iversity of documents (that
vary in quality, scripts, fonts, sizes and styles) that are archived in Hiigitaries also complicate the
problem of document analysis and understanding to a great extent.

The motivation is to design robust recognizers for documents varyingafitgjufonts, sizes and
styles. In this work we work on novel approaches for accessing thecbof printed document image
collections that vary in quality, scripts, and printing.

Recently lot of effort is being put into the development of OCRs for thptscof Indian languages
[43, 14, 16]. Electronic representation and access of documentdiaerdnoaterial in Indian languages
have been lagging behind for many years. Developments in informationdiegynin India has cre-
ated a great demand for information access in Indian languages. Ttdangke content in the local
languages is ballooning as Information Technology reaches beyondntiisic speaking sections of



the populace. This has a created a need for developing local lang@ige i@ developing nations like
India. An OCR is a critical tool in creating electronic content in Indian laggsaas a rich tradition of
literature and a vibrant publishing industry have existed in all of them fong fimne.

Design of robust OCRs is still a challenging task for Indian scripts. Thea@emodule of an OCR
is a recognizer which can generate a class label for an image componlessifi€ation of isolated
characters and thereby recognizing a complete document, is still the fun@ddmeblem in most of
the Indian languages. The problem becomes further challenging innpgeesé diversity in input data
(for example, variations in appearance with fonts and styles.)

Recognition errors arising from the confusion of characters is a maptigm for Indian language
recognizers. Since many of the characters are similar, they randomly gaassifieded. There are
parts of characters where a minor degradation in one of them results ippaarance similar to the
other. A number of Indian languages have a large number of componesysndols in each word.
Thus even when component level recognizers perform well on veod glocuments, the word level,
and hence the document level accuracies are not acceptable in psitiigdons. The use of language
models for post processing is not very promising for many Indian laregibiige Telugu since the large
vocabulary (number of possible words) makes dictionaries infeasiblé andecessary to model joint
probabilities at the sub-UNICODE level.

1.3 Review of literature of Indian Language OCRs

The work on character recognition has started in the 1960’s, whereCa&has developed to rec-
ognize characters like numbers and English alphabet. A compreheegpioe on advancements in
character and document recognition in the last 40 years is presentegisgia [36].

Many attempts are being made to develop optical character recognizbrditor Languages [37]. A
brief discussion of some of the works on Indian scripts is reported in R€¢ognition system of Indian
scripts mainly use structural and topological features with tree basedeurdNNetwork classifiers. Pal
and Chaudhuri [67] present a review of the OCR work done on Indiaguage scripts. The following
is an excerpt from their study on the state of recognition systems for ltefigiiages.

e Devanagri: Character recognition is Devanagri is based on K-nearest nei¢ikiNdt) and Neural
Networks classifiers [15, 24]. Structural and run-based template sed as features. They
reported an accuracy of 93%, and the dataset was not mentioned.

e Bangla: Tree classifier using stroke-based features were used in the O@Rnsfgs Bangla by
Chaudhuri and Pal [25]. The accuracy was mentioned around 9-8iid the dataset was not
mentioned.

e Gurmuki: Lehal and Singh reported a complete OCR system for Gurmukhi Sc@ptThey use
two feature sets: primary features like number of junctions, number of J@mgktheir positions



and secondary features like number of endpoints and their locationse waprofiles of different
directions. They report an accuracy of 96.6% on a test dataset qfalf¥s.

e Tamil: A Tamil [12] OCR using Time Delay neural Networks and Gabor Filters atufe, reports
an accuracy of 90-97% on their test dataset of 2700 characters & 200

e Malayalam: An OCR system for Malayalam language is also available [67] in the ye20@s3.
A two level segmentation scheme, feature extraction method and classificaeliems, using
binary decision tree, is implemented. This system is tested on around 50@@tteeal pages,
and report an accuracy of 94 - 97%. Not enough technical detaila@algsis available for this
system.

1.4 Review of literature of Telugu language OCR

The first known recognition system for Telugu language was repostdgidiasekhaet. al[71] in
1977. The problem was then not adequately looked into, but for somésdateestigations. Rajasekhar
et. al[71] developed a two stage syntax aided character recognition systerbB@yutiimitive features.
Sequential template matching was used to identify these features. The iadliefduwacters were then
represented by joining and super imposing these primitives. The character then recognized by a
process called curve coding. Even though the experimental resultgowmrasing, its validity on the
practical data set was not investigated.

Neural Networks were also used for the purpose of recognition. &uwkdimiet. al [80] used op-
timized memory model of Hop-field neural network for recognition. Theyrcame the limitations in
storage capacity by combining multiple neural networks which work in parallel.

Pujariet. al[69] designed a recognizer which exploited the inherent characterddtibe Telugu
Script. They proposed a method which uses wavelet multi-resolution anfalytie purpose of extract-
ing features and associative memory model for recognition tasks. This meatbit$ feature extraction
process and uses the inherent characteristics of the character byenss#éction of Wavelet Basis
function which extracts the invariant features of the characters. & kpfield-based Dynamic Neural
Network for the purpose of learning and recognition. However, thaughnormally not suitable for
image processing application.

Negiet. al [65] presented a practical approach to Telugu OCR which limited the nunfilieme
plates to be recognized to just 370, avoiding issues of classifier desigfmissands of shapes or very
complex glyph segmentation. They used a compositional approach usingated components and
fringe distance template matching for testing the OCR. They reported areag@fraround 92% .

Jawaharet. al[43] described a character recognition process from printed dodsnsentaining
Hindi and Telugu text. The bilingual recognizer was based on Principaigonent Analysis followed
by support vector classification. This attains an overall accuracymbajmately 96.7% on synthetic
dataset.



Even though the accuracies are reported around or above 90%athey the real data sets. These
accuracies were reported on specific fonts used in the training seteardadly on small datasets.

1.5 Objectives of the study

In this thesis work, we address the following problems.

e Build a recognition system for the textual content in document images. Torttljsaa attempt is
made to look into the following things.

— Analyze Telugu script and their language rules for a building a script hfodbetter doc-
ument understanding.

— Developing an Optical Character Recognition system for Telugu, whech negearch work
needs to be focused.

— Explore machine learning and pattern recognition algorithms for designatgréeextrac-
tion, classification and post processing mechanisms for recognition ofrdat images.

— Performance analysis of the OCRs on synthetic, as well as real-life dotumages that
are poor in quality and vary in printing.

e Addressing the multifont problem in Telugu, which is a major bottle neck for mitte recog-
nizers.

— Explore the invariance of feature extraction scheme with the popular feetsin the print
in character classification.

— A study on the effect of statistical and structural features used on multipts for character
classification in Telugu.

— Analyze the effect of spatial extension of the histogram of orientedigmégl(HOG) used
successfully in Object classification for character classification.

— Test it on large number of fonts popular in Telugu.

e Improving the accuracy of the OCR by designing post-processorddssifying the confusing
classes.

— Analyze the effect of the symbol level classification errors on the wocdracy.

Incorporate the information from the entire document to reduce the wordretes.

Using the visual similarity and multiple occurrence of the words in improving OG#-a
racy.
Use of pattern matching techniques to deduce the correct output forrhesomy classes.

Developing a document level OCR which exploits the fact that multiple ococeseof the
same word image should be recognized as the same word.



1.6

Significance of the work

This research work achieves significance due to the following main facts.

1.7

Large collection of document images are emerging because of the emegfetie digital li-
braries all around the world. We need efficient tools to access thesengot collections for
achieving optimal benefits from these collections. Optical Character Reswgs one of the tool
which helps in attaining this goal.

The extensive research that is being done on the Optical Characiegrizers should also reach
the Indian languages. We need to bridge the gap between the technology libang used in
the document retrieval system for Indian languages with the help of bettehigher accuracy
recognition systems.

Document images in digital libraries are from diverse languages. With treadments in infor-
mation technology, there is a huge demand for the documents in local larsgudge raises the
need for ease accessibility of the available relevant documents in Indigunelges.

Multifont problem is a bottleneck for any language recognizer. It will iffécdlt to have a specific
recognizer for a specific font. With the many diverse fonts in the digitaliyhitis essential to
remove this stumbling block.

The exponential growth of computation resources paves the way fogméon strategies based
on machine learning schemes. The new generation OCRs need notizecagisolated word. It
can learn from its recognition experience obtained from the rest of thieegrdocuments.

A number of Indian language documents have a large number of compameytsbols in each
word. Thus even when component recognizers perform reasowablgn very good documents,
the word level, and hence the document level accuracies are not diegptaractical situations.
There is a pressing needing for improvement in the accuracies of theRe.OC

Recognition errors arising from the confusion of characters is a maybtgm for Indian language
recognizers. Since many of the characters are similar, they randomly géassified. There are
parts of character where a minor degradation in one of them results inpa@aramce similar to
the other. With good post processors these issues can be addressed.

Major contributions

The main aim of the thesis is to address the problem of character classificafielugu language.
We perform a comprehensive analysis from a recognition point of vigwart from analysis the OCR
system for Telugu, we also try to solve the multi font problem in Telugu, thereying to remove the
bottleneck of Multifont. This can be used for solving the font problem in olaeguages. We also



try to design a post processor system which uses the information in thendatto correct the OCR
output. This can be used for languages where the traditional postssarsefail. The challenges in
this work include (i) Developing and analysis a character recognitionraykie Telugu, (ii) Solving
the multi font problem with 15 popular fonts in Telugu on a challenging datasetarly 1.5 million,
(iii) Designing a new post processor which uses the document informatidelagu and extending the
results to English.

e Improved and analyzed the OCR recognition system for large humber sfedlan real book
datasets.

e Buoyed by the success of the feature extraction techniques in ObjesgRgon, we tested the
same to solve the multi font problem in Telugu along with the traditional featuraaidn tech-
niques.

e Experiments are conducted on 1453950 Telugu character samples ita888scand 15 fonts. On
this data set, we obtain an accuracy of 96-98% with an SVM classifier.

e The word error rate of any optical character recognition system idlysudostantially below its
component or character error rate. This is especially true of Indic &yapiin which a word
consists of many components.

e A document level OCR has been proposed which incorporates infornfedimnthe entire docu-
ment to reduce error rates.

e We demonstrate this technique for Telugu, where the use of post-pimgésshniques are not
promising. We show a relative improvement of 28% for long words and 1&%lfwords which
appear twice in the corpus.

e We also extend this technique to English language, where we improve the@cétwm 93% to
97%.

1.8 Scope of the work

We have modeled the Telugu language into 459 distinct classes. This is fdllmydeveloping an
anti-converter and converter based, which is purely language b@see the system has been refined
and an end to end word OCR is developed, it was then tested on real btadetd We have achieved
an accuracy of 90.78% on this book dataset. To further analyze ths en® have created a dataset of
laser print dataset, good real dataset and a challenging data set. \&eeddcn error rate of 97.14%,
89.86% , 81.33% on these datasets.

We show that high classification accuracies can be obtained for chagkadsification problem with
the help of SPHOG-SVM combination. Left out confusions are assocatlydto a small percentage



of the classifier and a post-processing classifier with an uncorrelatddeset can successfully boost
the overall classification performance. Our experiments are conduntéd58950 Telugu character
samples in 359 classes and 15 fonts. On this data set, we obtain an acf®&e98% with an SVM
classifier.

A document level word recognition technique is presented, which makesf tise context of similar
words to improve the word level recognition accuracy. An error ctioedechnique is presented to
improve word accuracy of the raw OCR. An efficient clustering algorithas wsed to speed up the
process. The experimental results show that the word level accuaadyedmproved significantly from
about 58% to 66% for Telugu, and from 93.8% to 97% for English. Thegsed technique may also
be applied to other (Indian) languages and scripts. Future extensiongschale the use of techniques
to handle unigue words by creating clusters over parts of words.

1.9 Organization of thesis

The thesis is organized into five chapters. The main focus of the thesis i$veothe character
recognition problem in Indian languages, specially Telugu. We start wit@ system for Telugu,
and analyze the system. We then try to solve the multi font problem for TeAuwgifinally we look at
the new document level OCR, which incorporates information from the efgtement to reduce word
error rates. This is an overview of the work in this thesis.

In the second chapter we look into the Telugu language model. This includesithege constructs
and the Unicode rules. We then look into the Optical Character RecogoiZeglfigu. We analyze each
module of the OCR system like segmentation, classification and post prarea&rmpresent the results
of the working OCR on some of the documentimages. Then we perform divalaaalysis by working
with different datasets. This gives us an insight into the errors of the.OCR

The third chapter is about the attempt to solve the multi font problem. Here Weértmthe design
of robust OCRs with the invariance of feature extraction scheme with thelgrofonts used in the
print. Many statistical and structural features have been tried for ctesrelassification in the past.
Motivated by the recent successes in object category recognition liteietd use a spatial extension of
the histogram of oriented gradients (HOG) for character classificatiane&periments are conducted
on 1453950 Telugu character samples in 359 classes and 15 fonts. Qlatihiset, we obtain an
accuracy of 96-98% with an SVM classifier.

In the fourth chapter, we propose a document level OCR which exploitatheéhat multiple oc-
currences of the same word image should be recognized as the samaNiedever the OCR output
differs for the same word, it must be due to recognition errors. We g@panethod to identify such
recognition errors and automatically correct them. First, multiple instancesafame word image
are clustered using a fast clustering algorithm based on locality sensiveny. Three different tech-
nigues are proposed to correct the OCR errors by looking at diffessin the OCR output for the words
in the cluster. They are Character Majority Voting, an alignment techniquedbas Dynamic Time



Warping, and one based on Progressive Alignment of multiple sequéieedemonstrate the approach
over hundreds of document images from English and Telugu (an Indft)ssooks by correcting the
output of the best performing OCRs for English and Telugu. The retiograccuracy at word level is
improved from 93% to 97% for English and from 58% to 66% for Telugu. &proach is applicable
to documents in any language or script.

1.10 Summary

In this section, we have discussed the importance and the evolution of digitalddk We need to
have tools to use these digital libraries effectively. OCR is one such taohwelps in converting these
image collections to text databases. We have reviewed the literature of thiegexiglian/European
language OCRs. Differences between European and Indian lan@u2ige have also been discussed.
The objective of this thesis is to build a recognition system for Telugu doctenamalyze the defects
of the OCRs and propose solutions to address these defects. This withleproving the accuracies
of the OCRs for any language (Telugu in particular), which will facilitate teeetbpment of efficient
tools for Document collections.

We have also looked at the organization of the thesis briefly. In the nexttehwe look at the
design of a Telugu OCR. This depends on the effective language moe@elththe architecture of the
OCR. We give some insight into the language rules and model. We then look élbasiic architecture
of OCR and processes like preprocessing, segmentation, recognitiggoahprocessing. We test the
performance of this adapted OCR system on real data set. We thennpepalitative analysis by
working with different quality datasets. This gives us an insight into thereof the OCR.
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Chapter 2

Design and analysis of OCR system for Telugu language

2.1 Telugu Language

Telugu is a language primarily spoken in the state of Andhra Pradesh, Ihilidhe language with
the third largest number of native speakers in India[3].Written in a scriginated from the Brahmi
script, Telugu is a south-central Dravidian language influenced byk8gasd Prakrit, as well as Urdu.

The earliest known inscriptions containing Telugu words appear on tiuanslate back to 400 BC.
The first inscription entirely in Telugu was made in 575 AD and was probabbjerbg Renati Cholas
[3], who started writing royal proclamations in Telugu instead of Sanskrélugu developed as a
poetical and literary language during the 11th century. Until the 20th geffelugu was written in
an archaic style very different from the everyday spoken langugeng the second half of the 20th
century, a new written standard emerged based on the modern spokaagandn 2008 Telugu was
designated as a classical language by the Indian government[4].

Telugu is often considered an agglutinative language, wherein cerliablsg are added to the end
of a noun in order to denote its case. Grammatically, in Telugu, Karta (nonenedse or the doer),
Karma(object of the verb) and Kriya (action or the verb) follow a seqaeifielugu also has a Vibhakthi
(preposition) tradition. Owing to the fact that virtually every word in Telugd®with a vowel sound,
European travelers in the 19th century often referred to Telugu asttimti of the East”[3].

2.1.1 Script

Onamaaly or the Telugu alphabet consists of 56 symbols - 16 vowels, 36 consprand 4 other
symbols. It is highly conducive for Phonetics. It has more letters tharratign language. Some of
them are introduced to express fine shades of difference in soupdisy dnly 12 vowels, 31 consonants
are being used. Since we are building a generic model, we have includdédddlaracters in our model.
The above mentioned numbers can vary.
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Telugu is an inflecting language, Telugu nouns are inflected for numimgu(ar, plural), gender
(masculine, feminine, and neuter) and case (nominative, accusatiiyegiedative, vocative, instru-
mental, and locative). Here certain syllables are added to the end of amotder to denote its case:
For example, the declension Rmudumasculine singular) is shown in the figure 2.1.

Nominative: Ramudu oedcdy (o du)
Accusative: Ramuni o500 ® ni)
Instrumental; Ramuniki a8 (B ki)
Dative: Ramuniki o0 (8 ki)
Ablative: Ramudininchi o°swé&209 (D09 ninchi)

Genetive: Ramunidi oSwdGd (8 di)

Figure 2.1 A new word is formed when a symbol combines with the word [3]

Telugu is often considered an agglutinative language; words are aftapased of multiple mor-
phemes. For examplauvvostanangif you say you will come) is formed from the individual words
nuvvy vastaanyandanteas shown in the figure 2.2.

ROSGReH90E3
(nuvvostanante)
SR S50 ©908&3
(nuvvu) (vastaanu) (ante)

Figure 2.2 Composition of a word from multiple morphemes

New words can be formed when a symbol combines with a word or when multgrigsveombine.
Telugu vocabulary is thus very huge. Thatis why it is very difficult toaigéctionary as a post processor
to correct the output of the classifier.
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The symbols in the language can be broadly divided into the following classes
e \Vowels

e Consonants

e \owel diacritics

e Conjunct consonants

Telugu script is written from left to right and consists of sequences oflsiaapd/or complex char-
acters. The script is syllabic in nature, the basic units of writing are syllal3ese the number of
possible syllables is very large, syllables are composed of more basic wetites vowels (achchu or
swaram) and consonants (hallu or vyanjanam). The list of vowels avenghahe figure 2.3.

© & éﬂééaaoaow

a

Q@m&&ﬁf’@o@o

Figure 2.3Vowels in Telugu language

Vowels can exist independently. When consonants combine with othelt s@yms, the vowel part
is indicated orthographically using signs known as matras or vowel diacrifice shapes of maatras
differ greatly from the shapes of the corresponding vowels. Thesshawn in the figure 2.4. Vowel
diacritics, which can appear above, below, before or after the cansdhey belong to, are used to
change the inherent vowel.

Tt Ty

a a i B
- —S' _— L <] C"'B =D o
) 2
Qo
] 3 ai o 5] au am ah

Figure 2.4 Modifiers of corresponding vowels [Vowel diacritics]
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Sa sa sa ksa r

Figure 2.5Consonants in Telugu language

The consonants in the consonant clusters take different shapesriened to the context it is utilized
in. Consonants are presumed to be pure consonants without any \awnel & them. However, it is
traditional to write and read consonants with an implied 'a’ vowel sound.cbngonants are shown in
figure 2.5 The corresponding half consonants or conjunct consoasmshown in figure 2.6.

25&) (@] o) () t) t)&') QY
: ; ; ca cha ja

ka kha ga gha fia jha

X O o0 & & € —-*° O Q
na ta da da

tha

L

e/

&/

@~

O
(

o L D
na pa pha ba bha ma va ra
S > e
va la sa

la 58 ha :

Figure 2.6 Conjunct Consonants of corresponding consonants
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2.1.2 Character/Word formations

In this section we will be discussing about the character formations in Telugs will be helpful in
how Unicode is written in Telugu which will be discussed in the coming sectioasus look at some
of the combinations.

e \Vowels : They can exist independently. The vowels are shown in thesf@Gr

e Consonants + Vowels : The consonants shown in the Figure 2.5 is implied withel ia’. The
effect of the vowel diacritics on the consonants can be seen in the 2.7

ésvééebéysa

& 8 8 8§ §° fé? §°
.53 ke ke keai ko ka kau

Figure 2.7 Effect of vowel diacritics on the consonant 'ka’

e Consonants + Conjunct Consonants : Consonant conjuncts shown fig tAé cannot exist
independently. They need a consonant to form an akshara. Themgatef the consonant
conjuncts with the consonant '’ka’ can be seen in 2.8

N ENEEXYE

kkcha kga kgha kna kea kcha kja kjha

g § £§ § 8§ &§ 8 § &
& CD

CD O GL GL ca —° CD
%%%%%%%%5

S 555@59“,,53

Kla ksa kha

Figure 2.8 Consonant conjuncts with the consonant 'ka’
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e Consonants + Vowel diacritic + (n x Conjunct Consonants) : Usually theevaf n can be from 0
to 2. In the figure 2.8, the vowel diacritic used is 'a’. Aksharas with value @nging from n=0
to 2 is shown in 2.9.

5 8
A

(Y

Figure 2.9 Figure with n=0, n=1, n=2

Possible aksharas = Vowels + ((Consonants X Vowel diacritics) X (@ahj¥ Conjunct .. n
times)

— For n=0, aksharas = 16 + (36 x 16) =592
— For n=1, aksharas = 16 + (36 x 16) + (36 x 16 x 36) = 21,328
— For n=2, aksharas = 16 + (36 x 16) + (36 x 16 x 36 x 36) = 747,088

But in reality the numbers of aksharas are less than 10 thousand. Tvemloobers are only in
theory.

The number of components in an akshara can have any value betwegd llathe Figure 2.10 we
can see the components varying from 1 to 4 in the akshara.

égg

(pow

Figure 2.10Akshara with 1, 2, 3, 4 components
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2.1.3 Unicode rules for akshara formation

Unicode is a standard for computers to make them able to show text in diffanguages. Unicode
standards are created by the Unicode Consortium. The goal is to repiaeatccharacter encoding
standards with a single worldwide standard for all languages. Curréhdye are different ways to
encode Unicode, UTF8 is the most common one used. In this section we veitllsethe general rules
for Unicode in Telugu.

Hex code for the Unicode characters in Telugu is shown in figure 2.12 drd
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Figure 2.11Unicode Table of Telugu language
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The above figures contain the Hex Unicode for the vowels, vowel diagrdicd consonants. There
is no Unicode for conjuncts. Unicode for conjunct is nothing but Unicafdealanth + Unicode of the
consonant from which the conjunct was formed. So a consonaniriasca conjunct if the Unicode of
halanth is written before it.

Basic rules for Unicode are described in 2.13. Vowel and consoaarexist independently, whereas
matras and conjuncts require a consonant. These are rules for digpdagymbol.

Symbol Rules Character |Unicode (Hex) | Characteristics
Vowel u(vowel) @ 0CO05 independent
Vowel diacritic | u(vowel diacritic) = 0O |0C3E dependent
Consonant u(consonant) g 0C15 independent
Conjunct u(halant) +u(consonant) b 0C4D;0C15 dependent

Figure 2.13Unicode rules for symbols

After seeing how the symbols are assigned Unicode, now let us look intaulke for akshara
Unicode. As mentioned earlier, matras and conjuncts can'’t exist indepydhey need a consonant.
So when a consonant is with a matra, the Unicode of consonant is writtearfdshen the Unicode of
matra as showed in 2.14 (a). Similarly when a conjunct comes along with ar@rtsthe Unicode of
consonant is followed by the Unicode of halanth and then finally the Uniobttee conjunct. This can
be seenin 2.14 (b). If a conjunct consonant exists with a vowel diadtir the matra is written at
the last, 2.14 (c). When a consonant has more than one conjuncts, tredeéh@ which the conjuncts
occur doesn’t matter. This can be seenin 2.14 (c) and (d). But thel diaezitic must always come in
the end, if one exists. These rules will be used in building the converteéharahti-converter. Converter
converts the class labels into Unicode, and the anti-converter conveltisitb@de into the class labels.
More about converter and anti-converter will be explained in the comictipss.
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Unicode rules Alkshara

bS] ¥ 0
@y + '5 - §¢O
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-0
0+ o8+ -:j:j:-g -
i |
o+ e + it 8+ -:j:jz§ -5
-
oRd+ TS+ o e+ P D
e |

Figure 2.14Unicode rules for aksharas

2.1.4 Challenges

OCR accuracy is affected by a number of factors. They may be ext@rirgternal. External errors
are because of the errors in the input which are not handled by the [@/al errors are the errors
induced by the OCR system at various stages. George Blagy[60] have conducted a survey on the
common problems in the OCR system. These problems reduce the OCR aaduaaatically. The
general problems in the OCR are as follows:

e Imaging Defects These defects are introduced between the printing process and thenzge
being submitted to the OCR.

— The image can be noisy because of poor scanning.
— Ink blobs merging with the distinct characters.

— Cuts induced because of folding the paper or foreign material.

Printed text degradation because of aging, poor quality paper or ink.

Error in the image because of faulty printing.

e Similar symbols The recognition of the characters is primarily done through their shape. S
ilar characters like the letter O and numeral O (zero) is difficult even fohtheans. We can't
recognize them distinctly, but can be identified with the context. Confusisgetincreases the
recognition error.

e Typography. Typography is the art, or skill, of designing communication by means of iheesgr
word. Good typography is transparent: it reveals rather than hides tbgage The OCR input
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is often with layouts, typefaces, and type sizes that are far from ide@®R. The multi font
problem in OCRs is still unsolved.

2.1.4.1 European and Indian Language OCRs

Recognition of documents in Indian languages is more challenging thannigoagof documents
in European languages. The complexity of the script, non-standarelsesgiations, and the amount of
pattern recognition makes the building of Indian language OCRs, a chaligtagicn Some of the Indian
language scripts are shown in the Fig 2.15.

¢ Indian languages have a large number of characters compared teeBodapguages. This makes
the recognition task challenging for the conventional classifiers.

e The visual similarity of the characters in Indian languages is very high. Ttieases the number
of confusing classes, which in turn decreases the recognition agcurac

e Research on OCRs for Indian languages has become active only fasti®-20 years, while the
research in OCRs for languages like English has been going on for tHOI89 years. Because
of this there are only a few standard databases and very less statisticalatibn regarding the
document image characters for Indian languages.

e Unicode/display/font related issues in building, testing and deploying wgpikystems, slowed
down the research in the development of character recognition system.

e Large number of characters with complex grapheme made the recogniticuldiffi

e Because of the large number of characters, there is an increase intatiomml complexity and
memory requirements.
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Figure 2.15Examples of Indian Language Scripts [62]

2.1.4.2 Challenges specific to Telugu language

The main challenge in building the OCR for Telugu language is to deal with ariargber of classes.
Also we have to handle the large number of complex glyphs which are very similature. However,
recent advances in classifier design, combined with the increase irspiog@ower of computers have
all but solved the primary recognition problem.
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e Rendering problems : This problem exists in most of the fonts. Because obtiruniformity in
the aspect ratio of the character glyphs, problems like non-uniformagagesars in the documents.
This results in touching characters or sometimes cut between the charabiess errors are then
transferred from the electronic document to the print version. Cuts angenegamples because

of the font are seen in the Fig 2.16, 2.17.

$ ) ¥

Figure 2.16Cuts introduced by the fonts

Sy o

Figure 2.17Merges introduced by the fonts

e Spatial Complexity : The script is written from left to right in a sequential mgrmmany of these
modifiers often gets distributed in a 1.5D manner (not purely left to right; theyaso written
top-to-bottom at places). Fig. 2.18 shows how Telugu script componeots spatially.

S € DD §

left right top bottom  combination
Figure 2.18Spatial distribution of components in Telugu

e Lack of post processors for Telugu. Because of its vast vocabalad language structure, it is
very difficult to design a post processor for Telugu. As explaineti@ed.1.1, the number of

words in Telugu are very huge.
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2.2 Architecture of the OCR system

In this section, we present an overview of the OCR design used for @QRénTelugu documents.
OCRIng is the process of extracting text from the document images. The tmhe system is a
scanned document, and the output of the system is Unicode or text in thendot The process
of OCRIing begins with pre-processing the scanned image. The pregsing includes modules like
noise removal, converting a color image into a gray scale image, thresholdirgyal scale image
into a binary image, and finally skew-correction of the image. Lay-out aisly done after the pre-
processing. This includes, various levels of segmentation like block/gtadevel segmentation, line
level segmentation, word level segmentation and component/charactesdguabntation. Each symbol
is passed as an input to the recognizer, where the features are ektracte

The recognizer has a base classifier with a very high performance. r8dugnizes the isolated
symbols. Errors in the classifier will propagate, if not avalanched intodRephase. The performance
hence is boosted by analysis of errors or confusions and providing lexowledge to the system. But
the symbol classifier cannot work in the presence of splits, merges essixe noise. These are handled
at the word level, which uses the symbol recognizer internally. The bamsign of the OCR system
for Telugu is shown in Figure 2.19. Lets look at the individual modules inildeta

NN Pre-processing Segmentation
Dﬂcn‘;g}f'?_,. Noise cleaning and | .| Skew Correction ,_ Text-Graphics ,ﬂ
i Binarization | Segmentation !
(Input) ! |
C ) é f
[ ‘Boundary . | Line and Word
' L Information : Segmentation
Text/Unicode : P i T
(OutPut) S .
A ' Y
| Parsing
Document o | ! CC Analysis
Reconstruction

"‘ Word RecognitionY

i Converter I ; . .
Post—processing .—{_(Classl_d to Unicode) H Classification "ﬂ Feature Extrac[mn. :

bt f S BE—

— - — — —— —

Unigrams & Maps & | = e
b ? ps ransformatio
Bigrams _Rules _’_Elilﬂi Information

Figure 2.19Architecture of OCR system for Telugu
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2.2.1 Preprocessing

e This is the first step of OCRing. The image is first converted from a colorénreg a gray scale
image ,i.e, black and white where the pixel values range from 0 to 255. Tdieg an adaptive
threshold, the image is converted into a binary form, i.e, pixels with value 0 or 1.

e The image is then subjected to denoising. Noise is an undesirable by-padduage capture or
scanning. It is a random variation of brightness or color information in thgénaMethods like
median filtering works well with most of the documents.

e Skew detection and correction are applied to the image. The process diitgthe slant of a
misaligned image is skew detection. The method of straightening the image is skewation.
Telugu scriptis complex because of the glyph distribution, so methods likearmenpdistribution
estimates which are used in English documents do not work well. Horizomtg@gtion profile
based techniques yields better results even though they require multiplefliegs o

A
s =
s s i = q P ’ = e e =
3 /
/ /
ﬁ | |
\ & asg \ | 280 esa
= &e08 Sy 8% .
W ol &

Figure 2.20Skew correction of a Telugu image
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2.2.2 Segmentation

Segmentation extracts homogeneous regions of text, graphics etc. fimmeot images. Sub-
dividing the text into words is of paramount importance in recognition systentkeainput is set of
components. The shape of connected components also provides crigcalation for the segmenta-
tion of text blocks. In roman scripts, components do not vary much in shiagiee. This nature of the
script helps in segmentation. However this is not possible in Telugu bettaisennected component
sizes vary a lot. Sesét. al[47] conducted the experiments on Distance-Angle plot nearest neighbo
components in Telugu and English. They have also looked at the size ajrttgooents in Telugu and
English. The results are as shown in Figure 2.21.

(a) English (b) Telugu - (c) English (d) Telugu
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Figure 2.21Distance-Angle plot nearest neighbor components (a) and (b): Notdusters of nearest
neighboring components at angleB0 and 0 degrees with the horizontal in English. Component Size

Graphs in (c) and (d): Note that the component sizes vary widely in Telagyared to English.

There are three stages involved in the text segmentation.
e Line SegmentatiorThis is to extract the lines from the pages.
e Word SegmentatiorExtracting words from the obtained lines.

e Symbol Segmentatiomhen finally symbol segmentation. This usually involves extracting the
connected components in the word. Connected components are showarie Zig2

2.2.3 Recognition

Recognition module is the heart of OCR. It consists of feature extractiassification and word
recognition modules. The input to the recognition module is a word image. Theecwu compo-
nent(CC) analysis which was discussed in segmentation is used in theitesogrodule. This is a
word recognizer, than a component recognizer. We cannot solverdhdems like cuts and merges,
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Figure 2.22Connected components

and other degradations by components alone. By using the informationtfi@momponents, these
problems can be tackled at word level. So, even though CC is a segmentakinigtes, it is used in the
recognition module. The overview of the recognition module is shown in F&2& Now let’s look at
the modules in detail.

Connected - —
Component = £ = Classifier ==d | Word analysis
2 Extraction
Analysis

Figure 2.230verview of Recognizer

2.2.3.1 Feature Extraction

Devijver and Kittler [29] define feature extraction as the problem of “&tiing from the raw data the
information which is most relevant for classification purposes, in the sgnsgnimizing the within-
class pattern variability while enhancing the between-class pattern variabiggending on the spe-
cific recognition problem and available data, different feature extraatigthods fulfill this requirement
to a varying degree. The extracted features must be invariant to thetedstortions and variations
that characters may have in that application. Moreover the “curse of diomatisy” [30, 42] cautions
us that with a limited training set, the number of features must be kept redgenadl, if a statistical
classifier is to be used.

Choosing a Feature extraction method plays a vital role in achieving higlymiiom accuracies.
Many popular feature extraction techniques in character recognitiobedound in [32]. In a recent
work, Neeba and Jawahar [40] had looked into the performance efeélift features in Malayalam, they
are directly expendable to other scripts. They showed through expéesiniest the image(IMG) feature
is the best. They have also shown that the statistical features performbetiehthan the shape based
orientation features. This is mainly because of the presence of large nofrdtasses.

So once we obtain the individual components after Connected Componalysfs, we normalize /
rescale the image into 20 x 20. We then transform the 20 X 20 feature into 4 4@0ature. This 400
vector is used as the IMG feature.
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However, the pattern classification becomes very cumbersome becdigk dimensionality of the
features. Therefore it is necessary to reduce the dimensionality ofdh@devector without the loss
of information. Dimensionality reduction techniques like Principal Componeralysis (PCA) and
Linear Discrimination Analysis (LDA) transform the features into a lower disi@mal space without
much loss in the information.

Principal Component Analysis (PCA) is a transformation where the dataesgives a new coordi-
nate system, in which new axes follow the direction of greatest variance @atheset. Linear Discrim-
ination Analysis (LDA) is to find a linear combination of features which chiaréze or separate two or
more classes of objects. Both techniques look for linear combinations iables which best explain
the data. LDA explicitly attempts to model the difference between the classesafRICA on the other
hand does not take into account any difference in class.

2.2.3.2 Classification

Classification is a mapping from input data into defined subsumptive outpedgarées. It is the
task of assigning a label to input from a set of classes. This generatiivas/two tasks; training and
testing. The classifier learns the association between samples and theifriaelzbeled samples in
the training set. The classifier is then tested on the samples in the test setrdrtanalysis is done to
evaluate the classifier's accuracy by comparing the output of the classifighe label of the sample.
In general, a classifier with minimal testing error is preferred.

Large numbers of classifiers exist in the literature. Nearest neighbssiftda is one of the most
popular classifiers. K-nearest neighbor (KNN) is a supervisedilegeatgorithm, which is an extension
of the nearest neighbor classifier. Here the result of a new instandassified based on majority
of the category of K- nearest neighbors. Another classifier, whiohp&zss by a series of successive
decisions, is a decision tree. We also have neural network classifiedsi-L'dyer Perceptron (MLP)
and Convolution Neural Network (CNN). Naives Bayes (NB) classifseeknown to be mathematically
optimal under restricted settings. Then there are Support Vector Mac(8\éM). Support Vector
Machines have become very popular for high accuracies and its abilitherajeze.

The choice of classifier depends on its performance on the charaowos; Neebaet. al [40]
have conducted an empirical study on the performance of various @assifiemes on Malayalam and
Telugu languages. They have concluded that SVM with Decision Directydli& Graphs (DDAG)
gave the best results. We use SVM for classification task [68, 85]. SKbkta set of input data and
predicts, for each given input, which of two possible classes the inpunismaber of, which makes the
SVM a non-probabilistic binary linear classifier. They have the ability to idgitié decision boundary
with maximal margin. This results in better generalization, which is a highly dési@bperty for
a classifier to perform well on a novel dataset. This scheme providesipact representation of the
dataset, since the design of SVMs allows the number of support vectastoddl compared to the total
number of training examples. This results in the reduction of computation aradjstcequirements to
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implement SVM classifier on large datasets. With smaller VC dimension, supgzidrvnachines are
less complex, and have higher accuracies.

2.2.3.3 Support Vector Machines

Support Vector Machines are considered by many to be the best @gueigarning algorithms.
They are often binary classifiers, i.e., they solve a two class classificatbtep. SVMs are optimal
margin classifiers. Margin is a “gap” separating data. Let us look at the intuggbind the margin.

Consider the Fig 2.24; in which X’s represent positive training samplek) (¥&s represent negative
training samples (y=-1). A decision boundary (also called the separatpey Iplane) is also shown,
and three points have also been labeled A, B and C. Notice that the poinefyifav from the decision
boundary. If we are asked to make a prediction for the value of y at A&eiins we should be quite
confident that y = 1 there. Conversely, the point C is very close to thisidedoundary, and while
it's on the side of the decision boundary on which we would predict y = Edbss likely that a small
change to the decision boundary could easily cause the prediction to b&.yHence, we are much
more confident about our prediction at A than at C. The point B lies in®atvthese two cases, and
more broadly, we see that if a point is far from the separating hyper plagie we may be significantly
more confident in our predictions. Given a training set, we have to gafisioie boundary that allows us
to make all correct and confident (meaning far from the decision baypgeedictions on the training
examples.

A
A.
X
B.
Ce X
X X
X X
X
O ®
(@)
@) @) o
(@) O
O

Figure 2.24Decision boundary separating the training data
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Consider labeled training dataset; [y;] where i = 1,2, .1, y; € -1,1, andz; € R?. Also d is
the dimensionality of the dataset. Suppose we have a hyper plane thateephe positive from the
negative examples. The pointsvhich lie on the hyper plane satisfyx + b = 0, wherew is normal to
the hyper plane and b is the offset. For the linearly separable case pip@rsuector algorithm simply

looks for the separating hyper plane with largest margin; the point whergdming data satisfy the
following constraints.

Figure 2.25SVM Classifier

wax; +b>1 fory, = +1 (2.2)

wx; +b <1 fory = —1 (2.2)

Identification of the optimal hyper plane for separation involves maximizatioanoppropriate

objective function, i.e, solving the following quadratic optimization problemrgutraining an SVM.

Maximize:
l

l l
Zai — %ZZaiajyiyjK(:ri,x) (2.3)

i=1 i=1 j=1
subject to the constraints > 0,7 = 1,2, ..,/ and

l
Zo‘iyi =0 (2.4)
=1

whereq; are the Lagrangian multipliers corresponding to each of the training datts peiThe result
of the training phase is the identification of a set of labeled support vect@sd a set of coefficients
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«; Support vectors are the samples near the decision boundary and rfiosttdd classify.
Class labels are

!
f(w) = sgn(y cigiK (wi, 7)) (2.5)
i=1

where the functiorK is the kernel function. It is defined d§(z, y) = ¢(x).¢(y), whereg : R — H
maps the data points ithdimensions to a higher dimensional (possibly infinite dimensional) space H.
For a linear SVMK(x, y) = x.y. We do not need to know the values of the images of the data points
in H to solve the problem in H. By finding specific cases of Kernel functiorescan arrive at Neural
Networks or Radial Basis Functions. More detail discussion and a tutori@VM is available in [22].
Binary classifiers like SVM are basically designed for two class classifitatioblems. However,
because of the existence of a number of characters in any script, agtaralcter recognition problem
is inherently multi class in nature. The field of binary classification is matudepesvides a variety of
approaches to solve the problem of multi class classification. Most of tkingxmulti class algorithms
address the problem by first dividing it into smaller sets of a pair of claggzsand then combine
the results of binary classifiers using a suitable voting methods such as majongighted majority
approaches.

2.2.3.4 Multi class Classification

Multi class SVMs are usually implemented as combinations of two-class solutibe. ofiiginal
technique for multi class classification using SVMs is known as the onewsrersst technique [31].
More recently an improved technique, one-versus-one [38] has dmerioped. In the case of one-
versus-rest, thé” class is trained with all of the examples in tie class against all other examples,
resulting in an N - 1 classifiers (where N is the number of classes). Thelalasl of the test result is
decided by combining the N classifier outputs using, say winner-take-albichetkihere as, one-versus-
one consists of a combination of binary classifiers, only two classes ede@srain each classifier. In
an N classification problem, one-versus-one technique results in N (Mlad3ifiers. The decision is
made by combining these N (N - 1) classifier outputs using some voting stragegymajority vote,
max wins, etc.).

Graphs and trees are effective means for integrating multiple classif&rg(f A tree is a simple
graph such that there is a unique simple non-directed path between each patices of a graph.
Decision trees are classical examples of a tree- based classifier combswi@me. In a decision tree
classifier, decision is taken at each node based on some of the attribditssnaples traverse down the
tree along the selected path. Another possible tree-classifier is by desigeitree such that each node
partitions the classes into mutually exclusive sets. A decision directed acyapb §ODDAG) can be
designed to solve the same problem in a better manner without partitioning intoliypetausive sets
of classes. This can reduce the risk in making a mistake by giving too muchtanperto the root node,
or the nodes that are encountered initially. It has been shown that theaitiw@gof pairwise classifiers
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using DDAG results in better performance as compared to other populanidaels such as decision
tree, Bayesian, etc. [68].

DDAG is defined as follows [68]. Given a space X and a set of booleactionsF =f: X — 0,1,
the class DDAGF of Decision DAGs, on N classes ovErare functions which can be implemented
using a rooted binary DAG with N leaves labeled by the classes where édlcb K = N (N - 1)/2
internal nodes is labeled with an elementofThe nodes are arranged in a triangle with the single root
node at the top, two nodes in the second layer and so on until the finaldbiyeleaves. The?" node
in j*" layer, j i N , is connected to th&"* and i + 1-st node in the j + 1-st layer.

/\
;1;fx@°@

7

Figure 2.26 DDAG architecture

We construct a directed acyclic graph (DAG) using the one-vs-one metlfae each node in the
graph corresponds to a two-class classifier for a pair of classe$ [T#8 multi class classifier built
using DDAG for an 8-class classification problem is depicted in Figure 2.28n be observed that the
number of binary classifiers built for a N class classification problem is NXX2. The input vector is
presented at the root node of the DAG and moves through the DAG untildhess the leaf node where
the output (class label) is obtained. At each node a decision is made eimgckr which class the input
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belongs. For example, at the root node of Figure 2.26, a decision is todewieether the input belong
to class 1 or class 8. Samples from other classes get classified into lgtitsub tree. Practically each
node in the evaluation sequence removes one possible class. If it ddedonyg to class 1, it moves to
the left child. In the same way, if it is does not belong to class 8, it moves tagiiechild. This process
is repeated at each of the remaining nodes till it reaches the leaf node thleedlecision is reached to
classify the input as one of the eight classes. The classifier createdassmodels that are used for
classification and recognition purpose.

2.2.4 Post processing

The input of this module is the class labels given by the classifier module. utpetf this module
is the Unicode of the word, which is according to the language rules. Clasls lare numbers ranging
from 1 to n, in this case n=459. The class labels are then reorderedaccto the language, they
are then mapped into unicode. This process of mapping the class labels icwolauis done by a
module called converter. The reverse mapping of unicode to class labalaasbg a module called
anti-converter. We will discuss the converter and the anti-convertertail din the later part of this
chapter. The unicode obtained from the converter module is sent to tldeawor correction module.

This is for correcting the OCR unicode output. This eliminates the Unicodesemtnich might be
generated in the earlier module. Let’s take the example of complete akshagain. In the Unicode
mapping list Unicode opa is Unicode of complete akshapa, while the Unicode otalakattuis the
Unicode oftalakattu So, while forming the Unicode of the word, the converter will give the ougsu
Unicode ofpa + talakattu But the Unicode ofalakattuis not necessary. But if there is a vowel form
of i instead oftalakattuthen we cannot ignore the UnicodeioSo such language issues are handled in
this module.

Not only Unicode corrections, but other error correction techniquesudikigram and bigram can
also be used in this module. For languages which have a limited vocabularynikesit, dictionary
techniques can be used. Since, Telugu has a large vocabulary asedjtasection 1.1.1, so we have
proposed a post processing technique by fusing the results of watgiduWe will get into the details
of this technique later in the thesis. Karthi&hal [58] proposed a post processing scheme which uses
statistical language models at sub character level to boost word lewgnion results. They used a
multi stage graph representation to formulate the recognition task as an optimjzatimem..

2.3 Adapted Telugu OCR system

We have adapted the Malayalam OCR [63] for building the recognition systiefielugu language.
We have specifically worked on modeling the recognizer for the Telugwsgey This involved many
language specific issues like the script model and classes in Telugu, @tee. & the contributions in
this module are as follows
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e Analyzing Telugu script and their language rules for building a script matle have to identify
the distinct components in Telugu. After thorough examination of the scriphawve identified
442 distinct classes. But to make the converter module, simple we have edtdrednumber of
classes to 459. The extra classes which are added are the symbols rehatteady occurring in
the 442 classes, but occur as half consonants. The list of classelsiguBan be found in the
Appendix.

e Remodeling the Malayalam Optical Character Recognition system for Telmgudge. This
involved preparing the synthetic training dataset for building the model files dataset was used
to preparing the model file for the Telugu language OCR. We have alsc®drdne component
images from the ground truth, to prepare the classifier model to test odateaimages.

The classifier was trained with a minimum of 200 samples per each class. Theuiwiaer of
classes were 442. Since we are using an SVM classifier with DDAG artirgeche number

of pair wise classes will bBCy, where n=442. Therefore the number of pairwise classifiers are
442, = 97,461. The total number of samples used for training are 200 x 442 6@8amples.
The training set also includes the degraded samples, which are addetktalge the data.

e Exploring techniques for post-processing like reordering, converteranticonverter. Telugu
script is a unique script, as the components can appear on left, right, tapttom of another
component. We have discussed these difficulties in detail in section 2.1t fAgrarthe reorder-
ing techniques, we also have devised techniques to convert the classiiati¢nicode and vice
versa.

e Designing a testing mechanism for large scale testing of the recognizeraWWealso created a
mechanism to test the OCR effectively on both the synthetic and real datdgltthis we can
analyze with following performance measures.

— Symbol level accuracies : Percentage of the number of correctly otabsimponents by
total number of components. This is calculated using the edit distance ¢¢Rkep

— Word level accuracies : Percentage of the number of correctly classifieds by total
number of words.

— Unicode level accuracies : Percentage of the number of correctlyfiddddnicode words

by total number of Unicode words.

e Performance analysis of the OCRs on synthetic, as well as real-life do¢umages that are
poor in quality and vary in printing. We have tested the OCR on large syntheticeal datasets.
These results are discussed in detail in the next section.

Now, lets look at the post processing module in detail.
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unicode rules

Figure 2.27Overview of the converter

2.3.1 Converter

Converter is the module where the class labels are mapped into the Unicadés dttanguage
dependent module. The mapping is one-to-one, but it also has to inclutmitede rules. An
example showing the functioning of the converter module is shown in Fig 2.28

52, 86, 37,52, 37, 62, 22,62

1 Reordering

37, 86, 52,37, 52,162, 22, 62

Q000

1 Anti-converter t—)

37; 86; 52, 37, 52, 62, 22, 62

1 &)
2 €3
459 | @

Mapping table

Figure 2.28 An example showing the working of the converter module, the process ésajgnstopped

after the output of the converter.

So, before we map the labels to its corresponding Unicode, we have tierébe components.
The Unicode for different ordered components can be seen in Fig 2.29.

Now in Fig 2.30, the vowel form of 'a’ ,i.€talakattu’ need not always follow the consonant form
of 'pa’ after connected component analysis. This creates confusion witala&attu’ belongs
to the component before that or after it. This confusion is difficult to reswlithout using the

properties of the components.
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Figure 2.29Both the component arrangements should generate the same Unicode

Akshara é é

Components D
order after CC J J O)

Figure 2.300ccurrence of components in a different order for the same akshara

Now, consider the example shown in the Fig 2.31 . X is followed by "pa” whicimagle up
of 2 components and then Y. In the figure two cases showing the confudgiiorthe different
occurrence of the components in shown. It is difficult to resolve thislpropwithout using the
knowledge about the components. We have a decision to decide whaih&attu” can belong
to X or pa and pa or Y in the shown example. The confusion increases ifYXane made up of
more than one components.

So, this module uses the knowledge about the components. The commonieatagwng these
are the lower components & upper components. In the previous examplkattalais referred
as lower component. A few more examples showing the lower componentsoare shFig 2.32
and upper components are shown in Fig 2.33.

We use the image properties, i.e., with the location or the placement of the upgerdompo-
nent to decide, to which component it belongs. But we cannot completedgifgldoased on the
image properties because sometimes the lower/upper components can ifie¢iasdelonging
to an half consonant. So, we also use the prior knowledge about the nentp@and the image
properties to resolve the reordering problem.
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vl XadvwrY XvadyY

Figure 2.310ccurrence of components in a different order for the same akshara

Figure 2.33Upper components in Telugu language

Since this is a language dependent module, we have a list which tells us tlegle)omrrespond-
ing to the components. The components after reordering are mapped withitwse using the
list described earlier.

2.3.2 Anti-converter

Anti converter performs the reverse function of the converter. Thiséul for comparing the
OCR output at symbol level rather than word level. This helps us in avoittiegerrors that
can occur during Unicode conversion or reordering. The mapping fdoicode to class labels
is not a one-one mapping rather one-many mapping. For example in the Rig@rewe have
seen thatalakattucan occur to the left gpa or to the right of it. Hence, for the Unicode p&a

there are two combinations. Let us refer such an akshara as a complexteln. When we have
the Unicode of a word, there can be many complex characters and the thepefore will be
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the number will be the number of permutations that can occur between the sochplecters.
If we have three complex characters in a word with 2 components, then thieemwf possible
combinations we can have a2ex 2 x 2 = 8combinations. So, the anti-converter will output all
the possible sequences for a Unicode word, even though all the seguaay not be valid. Error
analysis uses all the generated sequences to compare with the outpuO&Rhd his also used
for symbol level decomposition of data with ground truth.

2.4 Results

We have looked into the modules and the working of OCR, now we will be ainglyizthrough the
results. Before we test it on the real book images, let us start by testingheasynthetic dataset. The
reason for using the synthetic dataset is because of the following season

e A book might not contain all the classes/symbols of the language. For examaglish lan-
guage it is tough to find words with "z", while words with "a” are many.

¢ To have uniformity across the classes, i.e., same number of samples in allsbesclm the above
example, we have seen that the frequency of "a” and "z” vary a lot.

e Synthetic data set is very easy to generate as compared with the booktdata se

e To avoid the degradation and segmentation problems one might encounterpmicessing the
book data. The function of the classifier is to assign a label for the compoReoblems like
cuts, merges, noise, blobs will reduce the accuracy of the classifetherce we do not know
if the classifier is good or bad. By using the synthetic data, we focus satellyeoclassification
problem. This helps us in separating the errors caused by thresholdmmestation and any
other ocr module from the errors caused by the classifier, and hereus a clear picture of its
symbol accuracy.

2.4.0.1 Synthetic dataset

Synthetic data has been generated from the QT tool which uses the Uaistige input. Degrada-
tions like noise and rotation have been used to make it as close as possiblecsil tegta set. 5% of the
synthetic data has been used to train the classifier, while 95% was usedexs thega set. The same has
been repeated with splits of 10-90 and 15-85 for training-testing. Thgoparof training and testing
on different splits is to observe the effect of splits on the accuracy dafl#fssifier. This also helps us in
understanding, how quickly the classifier is able to learn from the data.

The accuracy of the OCR for 5-95 split is 97.12%, 10-90 is 97.85%, and3-85 it is 98.23%
as shown in the table 2.1. It can be observed that even though the traatmdgsdloubled(10%) and
tripled(15%), the effect on the increase in accuracy is marginal. Fromexipisriment, we can infer
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Training(%) | Testing (%)| Symbol Accuracy(%)

5 95 97.12
10 90 97.85
15 85 98.23

Table 2.1Results on synthetic dataset with different splits

that a small amount of data is sufficient to train the classifier. Apart fronatheunt of training data
required for the classifier, we can also know the confusing classesingsthe list of the confusing
classes, where classifier is not performing can be very helpful. This lus in designing new post
processing techniques to correct the OCR output.

2.4.0.2 Real dataset

After performing the experiments on synthetic data, we will test the OCR drde¢a. We have
observed that the results on the book data set fell drastically, when thé fitheilt on the synthetic
data set was used. This is because of the vast difference in symbdkrbetleeen the synthetic dataset
and the real data set. Therefore trained data from the real datasetdsused. For this experiment
we have used 200 pages from 10 different books, which are compégiabtated, i.e., ground truth at
word level was available. The pages were chosen in such a way thabfrtbst classes are covered.
For training, we need the data at symbol level. So, we have used the améirey and connected
components to annotate the data at symbol level. Anti-converter gave ugnbeldevel information
from the ground truth.

Mapping the symbol level information with the components is a trivial task tscatithe presence
of cuts and merges. So to get the training data, we only used the word imagestweitits, merges and
noise. With the above assumption the mapping of the components becameeofmioninformation
about the font is known). The case where the word has a cut and & merg ignored. After extracting
the symbols for every class, they were visually verified. In this way theitigitataset was created.

Even though the pages were chosen from 10 books, it still had the fotiquvoblems

e Number of samples in the classes varied.
e Some classes did not have any symbols.

To tackle the above problems, synthetic data was added to those classessvitht® symbols at
all. Only 5% of the extracted symbols were used as training dataset. ThisuisdaB86 of the book
size, as we have excluded symbols with cuts, merges and noise. Traimptesavere taken only from
2 books, i.e., 3% of 2 books data, where as testing samples were fronok$§ including the 2 books
used for training. The results for the experiments can be found in the téble 2
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Books [Training] 2

Books [Testing] 10

Pages 200

Symbol Accuracy| 90.78%

Table 2.2Results of Telugu OCR on real book data

We have obtained an accuracy of 90.78%. The classifier with an agasdggh as 98% when used
for evaluating on the real data set, the accuracy has dropped drastiBaltye of the reasons are as
follows.

e Change in the fonts of the books.

e Segmentation errors

Cuts and merges

Noise

Confusing classes

Reordering problems
e Foreign characters (English, etc..)

We could not exactly know the effect of the degradation on the char@@& accuracy. There was
a need to examine the degradation effect carefully.

2.5 Testing

To study the effect of degradations on the OCR, we shall test them amatiffquality images. We
have chosen document images and categorized them as class A, B alad<CA for clean and good
dataset. This is without cuts, merges or other degradations. Class B ligtst degradation compared
with Class A, but better than Class C. The qualification has been done mabas#ig on the visual
appearance of the images and also considering the OCR'’s performatite grevious dataset.

2.5.1 Class A : Laser print dataset

We have corrected and verified to eliminate the segmentation errors. Weaatseitsured that there
were no cuts or merges in the dataset. The main reasons for taking theaetjnes is to look at the
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OCR accuracy without any degradations or errors from the other m®0d@l@CR like preprocessing
and segmentation. This will tell us exactly, how the classifier is performing ®cléan dataset. This
helps us in determining any mistakes at the recognizer level. We can fobusrothe recognizer

module, with these setting. The results of the recognizer can be seen inklee2Ta. As expected
the performance of the OCR on these pages was very good. The wemrsnainly because of the
misclassification of the samples, and foreign samples due to multiple fonts. dteelseth down to the

inability of the classifier.

Dataset| Pages| Symbol Accuracy

ClassA| 25 97.14%

Table 2.3Results of Telugu OCR on Laser print dataset

2.5.2 Class B : Good real dataset

This dataset consists of images from the books with reasonable qualityinTdge collection had
images with cuts and merges. Unlike the previous laser print dataset thietdatss more real, i.e,
it consisted of all types of degradations which occur normally. The |laset gataset was generated
and scanned to avoid all the bookish degradations, while this datasetkeasftam the books with
reasonable degradations and different fonts. This dataset is moiatrand gives us the cases where
the OCR is failing in the real book experiments. The results of these expdsioan be seen in the
Table 2.4.

Dataset| Pages| Symbol Accuracy

ClassB| 25 89.86%

Table 2.4Results of Telugu OCR on Good real dataset

2.5.3 Class C : Challenging real dataset

Challenging real dataset is the degraded version of class B datasey. nvaa degradations like
noise and rotations were added to further degrade this dataset. Thiseidaleae the robustness of
the classifier in the presence of cuts and merges. Since the connecteohemtspivere being used the
classifier was not able to do much in the presence of cuts and merges. Tiesnmin drawback of
the connected components. The experiments on this dataset highlights dfemeetrategy to tackle
these degradations outside the classifier. The results of these expermaebts seen in the Table 2.5.
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Dataset| Pages| Symbol Accuracy

ClassC| 25 81.33%

Table 2.5Results of Telugu OCR on Challenging real dataset

2.5.4 Error Analysis

We have looked at the datasets with different attributes. We have alsaehgeaocuracies fall from
97.14% to 81.33%. Now let’'s look at the errors, we have encountereaiNnalyze the errors, which
are reducing the OCR accuracy in general and then we will look into trefigperrors that are causing
problems for the datasets.

e Misclassification : Indian languages and in specific Telugu language has a lot of similarcshara
ters. They are similar in shape and size. For example in the Fig 2.34, a loa@tp’a” from
"aa”. Similarly a loop separates the two characters in case b, c. In casemthough the two
characters are similar, their aspect ratios differ. Even though the aassifiuracy is 100% for
most of the pairwise classifiers, the problematic cases like these contributededtease of the
overall accuracy.

Figure 2.34Similar characters in Telugu

e Reordering problems EEven though most of the reordering problems are addressed throuigh Un
code rules and some post-processing, there still exists some cases whichrg. There is a
need to address this problem thoroughly. This can be done only at tlieleved and not at the
component level. Figure 2.31 gives a detailed explanation of this problem.

e Unicode problems :Unicode problems still exist in most of the Indian languages, as they are in
the process of development. Figure 2.35 shows a case where the onigndatan’t be rendered
in the current settings. This one of the many cases where the Unicode sgibingrong. In the
figure 2.35, the Unicode of the original word, according to the rulegjeenthe obtained word
image. Though the classifier recognizes the components, correctlydecafitinese problems the
recognizer accuracy reduces.
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Figure 2.350riginal word and Obtained word

e Segmentation errors :

5 5o° 2331)_‘5:53
* | 0¢85 N0 |
H L'{m&mm
S Dodd o !

Figure 2.361Input and output of segmentation

Segmentation problem is a very complex problem in Indian languages,iggpétlanguages
like Telugu where the components are rendered in all directions. Thieprabalready discussed
in the section 2.2.2. Here we look into the errors caused by segmentation.3Bigtws the
input and output of a part of a page.

Fig 2.37 shows the segmentation error where a component is missing. Som#tinalso causes
the components to produce cuts.

e Cuts : The accuracy of the classifier is mainly affected by the degradations.a®etipns like
cuts, merges, blobs, and noise are the some of the main factors whicle tedwaccuracy. When
a character which should has a single component is split into two, the tdr@iasaid to have a
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Figure 2.37Missing components because of segmentation

cut. The cuts majorly occur due to the slender shape of the aksharasoiitoerr is affected by
the cut. Figure 2.38 shows some of the major cuts in the akshara.

=/

Figure 2.38Cuts in aksharas

e Merges : Another major component of the degradation is merges. This occurs whspaising
between the characters is less. This sometimes also occurs because esdtwtions. When
an akshara with a component touches the other akshara’s componemtstd new component.
The aksharas are said to be merged in this case. Figure 2.39 shows tlee gmrgponents.

¥

Figure 2.39Merge of aksharas
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e Blobs: The above degradations including this, is mainly because of aging of thiendodt, faulty
printing or scanning and other factors. Blobs are mainly because ofuhg fiak. Thresholding
also contributes to the degradations. Figure 2.40 shows the blob, whitoydethe original

structure of the character.

Figure 2.40Blobs in word image

e Noise : Noise in an image can be because of thresholding, segmentation, printiagiausy
other issues. Figure 2.41 shows a part from the previous line in the wogeinTdne recognizer
thinks this noise as a part of the word image, and hence the error.

X901 JHo

Error Expected output

Figure 2.41Noise because of faulty segmentation from Figure 2.35
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e Change in font : The main bottleneck of OCR is multi font. Here in our experiments, we have
observed that the recognizer trained on a particular font cannotdseamsa different font. But
having different recognizers for different fonts is again an imposs#sl, because then we have
to employ a 100% font recognizer module. The recognizer must be rebosigh to classify
characters in different fonts. In Figure 2.42, we can see differ@misfoccurring in the same
page. Sometimes the akshara might change its shape completely in anothdrhisris again
a major problem, which reduces the accuracy of the recognizer. Soyétodean OCR which
recognizes book of any font is a challenging task.

(Do the HG3en o)

o IR R M
éoéa’aﬁ:&o oeaDedl. ...

Figure 2.42Multiple fonts in a page

Now, let's analyze the results of the OCR on these datasets.
e Dataset A :In this dataset the major errors are as follows :

— Misclassification of the samples.

— Multi font problem

e Dataset B :Along with the errors in Dataset A, the additional errors which occurre@s follows

Segmentation errors

Few degradation errors (cuts, merges, noise).

Unicode problems

Reordering errors

e Dataset C :Along with the errors in Dataset B, the additional errors which occumredsfollows

— Many degradation errors (cuts, merges, noise).
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2.6 Discussions

In the previous section, we have analyzed the major errors that deteribeaperformance of the
OCR. The major inferences we have drawn from analyzing the threeetiragLaser print dataset), B
(Good real dataset), C (Challenging real dataset) are as follows :

e Multi font problem is a major bottleneck in the usage of the OCR. This probletonsistent
in all the three datasets. Even on the Laser print dataset, the ocr penfigroa certain pages
deteriorated because of the inability of the recognizer to classify the sarijplese is a need for
robust classifiers which are font independent

e Degradations pose a serious threat to the accuracy of the recoduitidee the multi font prob-
lem, this is an internal problem because of the classifier’s inability, the datjoa is an external
problem. Multi font problem can be solved by the OCR by making the claseiierst and more
general. Whereas the degradation depends on the input, which makesssibipdo predict. We
can device strategies to tackle each degradation separately which in iteelfpgex and on top of
that we need a complex mechanism to integrate them all. Hence there is a neegf®ralized
and simple solution to the problem of degradation of any kind.

In the coming sections, we try to solve these two problems.

A major requirement in the design of robust OCRs is the invariance of gairaction scheme
with the popular fonts used in the print. Many statistical and structural fesitumve been tried
for character classification in the past. In this work , we get motivated byettent successes
in object category recognition literature and use a spatial extension ofstogfam of oriented
gradients (HOG) for character classification. Our experiments areuctention 1453950 Telugu
character samples in 359 classes and 15 fonts. On this data set, we ol#tagueaty of 96-98%
with an SVM classifier.

Typical optical character recognizer (OCR) only uses local informatimout a particular charac-
ter or word to recognize it. In Chapter 4, we propose a document levR @iich exploits the
fact that multiple occurrences of the same word image should be recogrezbe same word.
Whenever the OCR output differs for the same word, it must be due tgméam errors. We pro-
pose a method to identify such recognition errors and automatically coresat tRirst, multiple
instances of the same word image are clustered using a fast clusteririthaigosised on locality
sensitive hashing. Three different techniques are proposed txttre OCR errors by looking at
differences in the OCR output for the words in the cluster. They aregCterMajority Voting, an
alignment technique based on Dynamic Time Warping and one based or$¥iogrAlignment
of multiple sequences. We also demonstrate the approach over hunfidosument images
from English and Telugu (an Indic script) books by correcting the outpthe best performing
OCRs for English and Telugu. The recognition accuracy at word leveipsoved from 93% to
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97% for English and from 58% to 66% for Telugu. Our approach is aggkc documents in
any language or script.

We address the internal problem of OCR, i.e., making the classifier more toliaskle multiple
fonts. And the external problem of OCR, i.e., devising a post processitgique to tackle the
problem of degradations and the misclassifications as well.
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Chapter 3

Multifont character classification in Telugu

3.1 Introduction

Large repositories of digitized books and manuscripts are emerging wdddw7]. Providing
content-level access to these collections require the conversion ofithages to textual form with
the help of Optical Character Recognizers (OCRs). Design of robG&s still a challenging task
for Indian scripts. The central module of an OCR is a recognizer whinlgeaerate a class label for
an image component. Classification of isolated characters and therelgyizng a complete docu-
ment, is still the fundamental problem in most of the Indian languages. Thxepndoecomes further
challenging in presence of diversity in input data (for example, variatoappearance with fonts and
styles.) Multifont character classification is still a bottleneck in the developwie®CRs for Indian
languages.

Characters are first segmented out from page or word images. A appuadpriate features are then
extracted for representing the character image. Features could estroc statistical. Structural fea-
tures are often considered to be sensitive to degradations in the priratukdevector representation of
the image is then classified with the help of a classifier. Multilayer neural nketWanearest neighbor,
support vector machines (SVM) etc. are popular for this classificatidmn tas
Classification of Indian scripts is challenging mainly due to the following reason

e Large number of classes (compared to Latin scripts)

e Many pairs of very similar characters. (See Figure 3.1.)

In a recent work, Neeba and Jawahar [64] had looked into the sucates of character classifica-
tion problem in an Indian context. Though their results are primarily on M#dayathey are directly
expendable to other scripts. They successfully solved the charadsifickation problem (even in the
presence of large number of classes) for limited number of fonts popskeely in print.

They had argued that

e Multiclass classification solution can be made scalable by designing manyigaiclassifiers.
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Figure 3.1Challenges in character classification of Telugu. First row shows simiéaacter pairs from

Telugu. Second row shows how the same character gets renderecremlifionts

e Use of large number of features (of the order of few hundreds) nthkgsroblems better separa-
ble and solvable with simple classifiers.

e When the dimensionality of the feature is made reasonably high, even the seapleek like
raw-pixels or PCA-projections provide satisfactory results.

A strong requirement of any robust character recognition system isghectassification accuracy,
in the presence of multiple and diverse font sets. In this work, we exfilerproblem of character clas-
sification in a multifont setting. Though our studies are for Telugu script, slie\® that these results
are also expendable to other languages. Our objective is to demonstratdithef the histogram of
gradients (HoG) [26] sort of features for character classificatiomalsb show that the linear SVM with
DDAG sort of classifier fusion strategy provides equivalent results timirsection kernel SVMs. We
validate our experimental results on 1,453,950 Telugu character sampkS @fe8ses and 15 fonts.

Telugu like most other Indian scripts, have consonants, vowels and-woeaddifiers. In addition,
there are also half consonants which gets used in consonant clustetghilthe script is getting written
from left to right in a sequential manner, many of these modifiers often gsttébdted in a 1.5D (not
purely left to right; they are also written top-to-bottom at places) mannempaced to most other
Indic scripts, Telugu has large number of basic characters/symbolsy Mahem are also similar in
appearance. This makes the character classification problem in Telygcihadienging.

In the Figure 3.1, the top row represents the similar characters problenasénic 2, 3 of the top
row, the characters are just differentiated by a single loop. While in ca$¢hé top row, aspect ratio
separates the two components. The variations of characters in diffenésican be seen in the bottom
row of Figure 3.1. The first case in the bottom row is the half consonaheaiksharana You can see
that the loop of this component in some fonts is closed, while it is present infotits. This shows the
diversity of multiple font datasets, and adds to the problem of multifont cteralassification.
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Telugu character recognition has been attempted in the past with variauseteaNegiet al. [65]
used fringe maps as the feature. The method was tested on 2524 cisardatesthaet al. [43] did a
more thorough testing (of close to one Million samples) of the character ctsdifit with limited font
variations as well as degradations. They used PCA, LDA etc. as thibjgoiesture extraction scheme
for Telugu character classification.

3.2 Classification Architecture

The general architecture of the character classification module is shokigure 3.2. The main
modules of this architecture are the feature extraction module and the ctassiflale. Our main aim
is to optimize this module for character classification. The main drawback with trdslec that the
classifier accuracy is bounded by the limitation of the feature extraction mddove.lets analyze each
of these modules in more detail.

Component
IMG [input]

Figure 3.2 General architecture of the character classification module

3.2.1 Feature Extraction

The detailed description of this module has been given earlier in section 2.2 nain drawback
of the earlier approach is trying to solve the problem by using the modulesljin&athis section we
will be looking into the limitations of the feature extraction module. Some featueegaad for solving
some cases, while the others for other cases. Lets consider two featores

e F1 - Count of the number of loops in the component.

e F2 - Aspect ratio of the component image.
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In Figure 3.1, consider the top row as components. F1 can solve cabdelF& can't. Likewise F2
can solve case 4, while F1 can’t. If | use F1 as a feature with a classifiethen my classifier would
not be able to solve the problem of case 4, and similarly with F2 we cannat #wdvcase 1. Hence,
the classifier is being limited by the generalized linear approach of the featater. So, we have to
device a strategy to use the features F1, F2 according to our problemadmsure the limitations of
the feature vector are not passed on to the classifier. We must noteléuioseof a feature extraction
scheme is probably the most important factor in achieving high accuracyeSeave to decide which
feature extraction method is the best for the given classes.

Neebeet. al [64] observed that for better performance, a rich feature spacgugee for large class
problems. If the feature space is rich, they could also become discrimifiativeost of the classifiers.
Also, with a large feature vector, character classification can be solitedemsonable success.

Length of feature vector o« Accuracy

But the only drawback is, as the length of the feature vector increagasgimory size of most of the
classifiers increase enormously. Hence, it is not advisable to use |diegtiuye vectors for all classes
for memory and computational constraints. So, there is a need to find aefeattaiction method which
can deliver high accuracy and can also be applied for practical pespo

3.2.2 Character classification

Classifiers have been discussed in detail earlier in section 2.2.3.2. A majtenge in the devel-
opment of OCRs for Indian scripts come from the large character sethwhsullts in a large class

classification problem.
1

Number of classes x ———
Accuracy

Neebaet. al [64] observed that SVM classifiers outperform other classifiers iaracter classifi-
cation. A class of feature extraction scheme based on the use of raw in&gs projection onto an
uncorrelated set of vectors result in best performance. Also it wasreed that the SVM classifiers
with DDAG degrade gracefully, when the number of classes increases.

Support Vector Machine (SVM) is a technique widely used for leaningiflaation. SVM classifies
by learning a separate hyperplane in some high dimensional feature Sgecéearned hyperplane is
such that it strives for reducing the generalization error of the classi§ienaximizing the margin

between the support vectors. More about the SVMs can be foundtiors@c2.3.3.

3.2.3 Classifier Architecture

The architecture of the classifier also plays a vital role in dealing with the mu#is geoblem. A
detailed discussion about the multiclass problem is in section 2.2.3.4. The two aneljgtectures
widely used are as follows:
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e 1 Vs All : In this structure, if we consider n classes, then a classifier will have laiss as
"+” samples, and the rest (n-1) classes as "-” samples. In this partisetdng, we will have n
classifiers for n classes. Though this setup requires less memory, thra@es are generally low.

e DDAG : Decision Directed Acyclic Graphs (DDAG) have been explained in sectio8.2.2arlier.
For n classes, it require’%(’g;” or "y classifiers. Though it is computationally expensive, it
generally gives very high accuracies. These are more efficient asadhiem of classes is reduced
to a set of binary pairwise classifiers.

3.3 Dataset

To solve the multifont problem in Telugu, we need to have a challenging ftasdt with degrada-
tions. The dataset had the following attributes

e Fonts : 15 popular fonts in Telugu language have been used for the creatiois afataset. The
list of font names are as shown in Table 3.1.

e Font size :Font size was varied to observe the effect of scaling on the classific&bon size of
12, 14 and 16 were used.

e Resolution :The generated pages were scanned in three resolutions namely 2000dgpi &nd
600 dpi. This is to vary the quality of images.

e Degradations :The components were extracted from the images through a semi supgmased
cess. Degradations were then added to these components to make thendaetaszhallenging.
Rotations of -2, -1, 0, 1 and 2 degrees were applied. Then salt apeipepise of 0%, 2%, 4%,
6%, 8% and 10 % was added the set of images. 0% noise and 0% rotation ingitigsthe
original image.

o Number of ClassesThe dataset was created with 359 classes from Telugu language.

So each class had (15 fonts X 3 font sizes X 3 resolutions X 5 rotationsofsé j = 4050 images.

Therefore the Dataset has (4050 X 359 classes) = 1,453,950 images
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List of fonts

Anuradha
Chandra
Devi
Godavari
Gurazada
Harshapriya
Hemalatha
Nannayya
Pravalika
Shravani
Suma
Telangana
TeluguFont
Tikkana

Vasanti

Table 3.1Fonts used in the dataset

3.4 Experimental Observations

We have initially conducted our experiments on a dataset of 100 classesrISWM classifier with
raw pixels as a feature vector has been used in these experiments. Eranalysis of the misclassified
samples, we have observed that the decrease in classification adsumadyly because of the following
reasons.

e Increase in number of fonts

We can observe the variation in the accuracy with increase in numbertsfifotine Figure 3.4.
The reasons for the decrease in accuracy is mainly due to the increaseliemof similar classes.
Another reason is the variation of the component in multiple fonts.

e Few confused pairwise classifiers The drop in the accuracy of thefidass mainly because of
the confusing classes. In Figure 3.5, we plot the cumulative accuracabyairwise confusions.
As can be seen in Figure 3.5, the errors are associated with only ceriisn [bave can solve
these errors in the pairs, then we can achieve high accuracies.
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Figure 3.3 A glimpse of a few images belonging to the same class in the dataset
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Figure 3.5Accuracy and confused pairwise classifiers

3.5 Features and Classifiers

Recent years have witnessed significant attention in development obpatege! object recognition
schemes with many interesting features. Histogram of oriented gradientS)(hibich was success-
fully used for detecting pedestrians [26], is one of the prominent andlaofeatures for capturing the
visual data, when there are strong edges. Naive histogram refaésenoses the spatial information
in the image. To address this, spatial pyramid matching was proposed [#&]arSo [54], we also
employ a feature vector which captures spatial information and histograongenofed gradients.

We are motivated by the recent classification experiments in multifont dat&28¢esd handwritten
MNIST and USPS digit data sets [54]. Many of these studies are limited tonmétesh digits. There
have been many studies in this area

e focusing on generalization of classification results to unknown fonts,tleerby solving the
character ‘category’ recognition problem [28].

e accurately solving the handwritten digit recognition with many machine learmingepts [54].
e development of recognition algorithms with fewer training data or lesseuresasage.

Based on the conclusions obtained in our earlier work on characteificlatésn [64], we use SVM
classifiers. SVM classifiers are the state of the art in machine learningydoge highly accurate and
generalizable classifier. The classification rule for a samjige

nSV

sign(z aik(x,s;) +b)

i=1
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wheres;s are the support vectors anrd) is the kernel used for the classification. The Lagrangians
are used to weigh the individual kernel evaluations. The complexity ofifileetion linearly increases
with the number of support vectors. To make the classification fast, weatredollowing [41]:

e Use linear kernels instead of nonlinear ones.

Store the weight vector instead of the support vectors

Use binary representation as well as appropriate efficient data sesend

Simplification of repeating support vectors in a decision making path consddtimgltiple pair-
wise classifiers.

It was shown that the intersection kernel can be evaluated fast in mactygatt situations [53]. How-
ever, the comparisons are with that of complex kernels like RBF Kerneh 8assifiers are appropriate
when the classes are not well separable. In the case of large claastehaecognition data set, most of
the pair-wise classifiers could be linearly separable. The overall ctag®f accuracy reduces due to

e cascading effects in the multiple classifier systems

e some of the pairs are difficult to separate with simple features.

In this work, we compare the IKSVM with linear SVM and prefer to go for lin€¥Ms due to
the computational and storage advantages of the linear SVM over IKS\A8edon the experimental
results presented in the next section, we argue that

e object category recognition features are useful for the charactegméion specially in presence
of multiple fonts.

e linear SVMs perform very similar to IKSVM for most of the character clasatfon tasks.

e Use of SPHOG sort of features can successfully solve the multifonactearclassification prob-
lem in Indic scripts.

Now let us look at the features used in detail.

3.5.1 Spatial Histogram of Oriented Gradients (SPHOG)

We experiment with features constructed using histograms of orienteiggiraa/hich have become
popular in the vision literature for representing objects [17, 26, 33, ZBand scenes [66]. Each pixel
in the image is assigned an orientation and magnitude based on the local geadidnistograms are
constructed by aggregating the pixel responses within cells of varioes. sie construct histograms
with cell sizesl4 x 14, 7 x 7 and4 x 4 with overlap of half the cell size. The histograms at each level
are multiplied by weights 1, 2 and 4 and concatenated together to form a sisglgram which are
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then used to train kernel SVMs. This is very similar to the spatial pyramid mat¢h8jgvhen used

with the intersection kernel (we differ in the overlapping grids). The werichoices for the descriptor
are as follows :

e Oriented Derivative Filter: The input gray scale image is convolved with filters which respond
to horizontal and vertical gradients from which the magnitude and orientistioomputed. Let
rh(p) andrv(p) be the response in the horizontal and vertical direction at a pixespectively,
then the magnitude(p)and the angle(p) of the pixel is given by :

m(p) = \/rh(p)? + rv(p)? (3.1)
a(p) = atan2(rh(p),rv(p)) € [0, 360) (3.2)
level 0 level 1 level 2
® o + + o i o + + o + e o |+ + o "
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Figure 3.6 Toy example of constructing a three-level pyramid. The image has thragdegpes,
indicated by circles, diamonds, and crosses. At the top, we subdividedye at three different levels

of resolution. Next, for each level of resolution and each channelpwptthe features that fall in each
spatial bin.

e Signed vs. Unsignedrhe orientation could be signed (0-360) or unsigned (0-180). Thedign

gradient distinguishes between black to white and white to black transitionk wiight be useful
for digits.

e Number of Orientation Bin The orientation at each pixel is binned into a discrete set of orienta-
tions by linear interpolation between bin centers to avoid aliasing.

The entire set of histograms is finally concatenated to form a single histogrameféY this feature
as SPHOG in the work.
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3.5.2 Principal Component Analysis

Principal component analysis (PCA) can help identify new features (invarldimensional sub-
space) that are most useful for representation [31]. This shouldrmwlithout losing valuable informa-
tion. Principal components can give superior performance for forggeddent OCRs, easy adaptation
across languages, and scope for extension to handwritten documaritsis\extensions of PCA have
also been proposed in computer vision, including Binary PCA [83]. WhilargiPCA models binary
data as Bernoulli distribution, classical PCA models the image with Gaussiampisn. Both meth-
ods reduce the dimension of a dataset to reveal its essential characteristithe subspace captures the
main structure of the data. In the present work, we employ the convenB@#afor extracting relevant
information from high dimensional datasets on which further transformatiotassification sub-space
is performed using LDA.

A

Xy

5
Cdl

Xy

Figure 3.7 PCA example: 1D projection of 2D points in the original space.

Consider the'” sample represented as an M-dimensional (column) vegtavhere M depends on
the image size. For a given training datasetszo, .., ,, we compute the covariance matrix)(

1 N
> = v 2 lwi—ullwi—pl” (3.3)
=1

Then we need to identify minimal dimension M’ such that

Zf; Ai
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where); is thei'” largest Eigen value of the covariance maifyixanda is a limiting value. Eigen-
vectors corresponding to the largest M’ eigenvalues are the directigreafest variance. The K
eigenvector is the direction of greatest variation perpendicular to theHimigh (M’-1)* Eigen vec-
tors. The Eigen vectors arranged as rows in ma&rand this transformation matrix is used to compute
the new feature vector by projecting g@s= Ax;. With this we get the best one dimensional represen-
tation of the component images with reduced feature size. Principal contpamaysis (PCA) yields
projection directions that maximize the total scatter across all classes.dsinfdhe projection which
maximizes total scatter, PCA retains not only between-class scatter thafusfaselassification, but
also within-class scatter that is unwanted information for classification pagpd/uch of the variation
seen among document images is due to printing variations and degraddti®@4\ is applied on such
images, the transformation matrix will contain principal components that retase trariations in the
projected feature space. Consequently, the points in the projectedweitiata be well separated and
the classes may be smeared together.

Thus, while the PCA projections are optimal for representation in a low dimesisipace.

3.6 Results and Discussions

We start by investigating the deterioration of performance with the numbentd.fFor this purpose,
we collected a character level with ground truth for Telugu data set inrifie@s. Number of classes
which is common to all these fonts is 359. We first investigate the utility of raw pe®la feature
with a linear SVM classifier. For this experiment, we consider only the firetd@sses. Results of
the variation of accuracy is plotted in Figure 3.4. It may be seen that with gr@yoo limited fonts,
the accuracies are acceptable, however, with the number of fontssitgyethe accuracy comes down
significantly.

We now quantitatively show the results on a 100 class subset of the Tétagacters in 15 different
and popular fonts. We show that the naive features, like raw pixels éy; B unable to address the
significant font variation present in the data set.

Table 3.2 compares the performance of the four features in presetvee different SVM classifiers
— Linear SVM(LSVM) and Intersection Kernel SVM (IKSVM). Linear 8i6 are also implemented as
One Vs All as well as DDAG [64].

It may be noted that the raw image features are not able to perform wetl thibenumber of fonts
increases. This is expected because of the variation in the styles ares stidipe associated glyphs. It
is surprising that the PCA, which was performing reasonably well for limitealrer of fonts [64] is
also not able to scale well for the multifont situation.

A graph which shows the variation of the number of Eigen vectors (prihcgraponents) selected
Vs the accuracy obtained is shown in Figure 3.8. The plot of magnitudeigen kalues of the covari-
ance matrix (used in PCA) is shown in Figure 3.9. These graphs explaiwitiaan increase in the
number of PCs the accuracy monotonically improves. However, the aycsaturates at a level 91%,
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Classifier RawPixels| PCA | SPHOG| PCA-SPHOG

d=784 | d=500| d=2172 d=500

LSVM(OneVs All) 91.91 90.19 | 98.10 96.70
LSVM(DDAG) 94.19 93.84 | 97.25 97.51
IKSVM(OneVs All) 92.26 96.369| 98.71 98.39

Table 3.2Comparative results on a smaller set of Telugu Multifont Data Set
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Figure 3.8 Accuracy and number of Eigen vectors

which is not an acceptable level of accuracy, we are looking for an.@@Rhe contrary, the SPHOG
features are performing consistently well for the large font data segrabe& seen in Table 3.2. PCA
has been applied on the SPHOG feature as the dimensionality of the featugeisHaen with 23% of
the SPHOG feature vector, accuracy close to the SPHOG result hastiteared.

In short, it is clear from the experiments conducted on a 100 class dathae3 VM classifier with
SPHOG and PCA-SPHOG features, provide the most accurate classiNeetsave extended the results
obtained for a full Telugu character set consisting of 359 classey. Sthmmarize as follows:

Obtaining an accuracy of 96.4 on a truly challenging multifont data is significllowever, we
would like to see the possibility of enhancing the accuracy further. Fortl@snalyze the confusions
associated with all the pairwise classifications. As can be seen from Fagbiréhe errors are associated
with only certain pairs. In Figure 3.5, we plot the cumulative accuracy allgrairwise confusions.
If we can address the errors in these pairs with the help of an additiorssifea (we call them as
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Figure 3.9 Eigen vectors and their magnitude.

Raw pixels with Linear SVM classifier results in an accuracy | 81.05
SPHOG with Linear SVM classifier results in an accuracy 96.41
PCA-SPHOG with Linear SVM classifier results in an accuracy92.95

Table 3.3Classification accuracy: No of classes = 359, No of samples = 1453950

post-processing classifier), we can further enhance the accw@acyo 98%). The detailed design and
analysis of the post-processing classifier is beyond the scope of this wor

3.7 Summary

In this section we have addressed the problem of classification on multiddasets. Initially we
prepared a big multifont dataset. The composition of this dataset, which wikdxe as the multifont
dataset is as follows. Each class had 15 fonts, 3 font sizes, 3 ress|ufidavels of rotations and 6
levels of noise, which amounts to 4050 images per class. For 359 classéstalnumber of images
is 1,453,950. We have seen the traditional architecture of the classifier withlesoike feature ex-
traction, character classification and classification architecture. Weohaegved that the classification
accuracy of the classifier drops drastically with the increase in the nunibents. Also the drop in
accuracy is mostly associated with a few pairwise classifiers. This showsaibiity of the feature
in classifying these classes. Also we need to analyze which classificatbiteature is more suited
for our problem. We have used 4 features and 3 classifiers to perforexperiments. We have used
the SPHOG feature which is based on Object recognition to test on ouetlatdss has increased the
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component classification accuracy to 96.41%, compared to 81.05% ofitlmage pixel feature which
is currently being used. As the SPHOG feature is very large, we usedi®@&luce the feature size.
Even with 23% of the SPHOG feature vector, we have obtained an aganfr@2.95%, which is close
to the original SPHOG feature results.

We show that high classification accuracies can be obtained for chackadsification problem with
the help of SPHOG-SVM combination. Left out confusions is associatBdtom small percentage of
the classifier and a post processing classifier with an uncorrelateddasatucan successfully boost the
overall classification performance.

We have improved the component accuracy, but the word accuracgtivéaw. If we consider the
component accuracy to be 96% and the average length of the wordEnerbthe probability of getting
a correct word is (0.96) to the power of 5. This will give us a result ab8d approximately, which
is very low considering the 96% component accuracy. So we need antlabgavhich can exploit the
intrinsic document constraints and the component information in the word ot bee word accuracy.
In chapter 4, we make an attempt to do the same. We try to boost the wordeesunsing post-
processing techniques. A document level word recognition techniquessmted, which makes use of
the context of similar words to improve the word level recognition accurlftyre details in the next
section.
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Chapter 4

Error correction using post-processing techniques

4.1 Introduction

A large number of online Digital Libraries (DL) these days, consist ofised document images
from books, newspapers, magazines, etc. The scanned docuneestserad as images in such DLs,
making it difficult to search their content. The text equivalent of these imégeisually obtained
using optical character recognition (OCR). For the Latin scripts, OCRs had reasonable success,
with commercial products available as well. However, for many non-Eamgeripts, OCRs are not
accurate enough yet. Indic scripts in particular are challenging and theresson for poor OCR
accuracy is the complexity of the script, visual similarity of different chima¢ and the distributed
layout of writing [67, 37, 47].

An OCR usually does a recognition or classification at the local level las#te image of a specific
character or word. In this work, we presenti@cument level OCR/hich exploits the global context
of a document to correct OCR errors. The proposed method exploits thipleoccurrences of a
single word across a book, or a collection of books. Word images froallection of documents are
clustered using a fast and accurate clustering technique based on Iseakifive hashing (LSH) [27].
Then, words from each cluster are recognized using an OCR. BErroezognition are identified by
aligning characters/components using a dynamic time warping technique ewsotds in the cluster.
The identified errors are corrected by a character majority voting pooeed

In this work, we further explore a newer and faster string alignmentrseh&Ve present a thorough
evaluation of our LSH based clustering technique. We demonstrate owraapon a larger dataset of
multiple scanned books in an Indian script called Telugu. We further demadéeshe approach over
hundreds of English language document images as well. The improvementiraay for words which
occur at least thrice in the collection, is about 8% for Telugu and 4% fgti€mn

64



4.1.1 Dataset and Challenges

Our dataset is obtained from scanned books in English and Telugu gegu@elugu is an Indian
language which has more than 70 million speakers, a large number of nmwspad literature dating
back several hundred years. For the experiments in this work, we daset of two Telugu books,
comprising 128 pages; while for English we obtain four books consistirdR@fpages. An example
document image from the dataset is shown in Figure 4.1. The page-tosegnientation is performed
using the run length smearing algorithm (RLSA) [86]. The obtained imageeey are extracted and

stored as individual word-images.

Figure 4.1 An example Telugu document image in our collection. This particular book isehey
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version of the famous novE&lon Quixote

There are many challenges toward accurately recognizing the text irooungnt images as listed

below.

65




e Script Complexity : Indian language scripts, especially Telugu, consists of a large humber of
distinct characters; each character written as a conjoined consamhnbael modifier. This
format makes it hard to both segment a character, as well as recogniite & wlassifier. A
couple of example words are shown in Figure4.2. The vowel modifiere@msbnant conjuncts
could occur either before or after the main character, or above or lielow

e Visual Similarity : In Indian languages, there are a large number of visually similar character
pairs. Subtle changes such as the presence/absence of a dot, orsrekeattould alter the sound
of the character and the meaning of the word. This calls for more stronggulex classifiers to
discriminate between such characters.

DINS| D BEESE

| vii - pii | na - va | pai - vai | ttha - ra | dha - tha |

(c)

Figure 4.2 Examples of visual complexity in the Telugu script. In (a), all the componeitstiae same
color belong to the same character. (b) The main consonant that formsatseter is shown in orange,
its vowel modifier is shown in green, and the consonant-conjunction isrsihowed. Note that the
related components could be spatially distributed around the main consorantple pairs of visually
similar characters are shown in (c). In the second pair, the completionadé cin the left-bottom

changes the character. In the last two pairs, the dot in the middle distinglistveeen them.

e Degradations: The poor accuracies are worsened by the presence of degradatitresdoc-
ument images. These images are generally degraded due to the age gbehenpiése from
scanning, etc. An example is shown in Figure 4.3. Characters are fithggheyken during noise
cleaning and binarisation. Degradations are present in both the TelugEraglish document
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images. They result in multiple segments of each character which are alldndgrecognized
by the OCR.

o Difficult OCR Post-Processing :Moreover, it is hard to correct OCR errors using standard post-
processing techniques. Since Telugu has a large vocabulary [18]hathsdifficult to build a
dictionary, as well as use it for error correction. For an estimate, torcyeut 80% of the
vocabulary, the size of the dictionary may be almost 50 times that for Englislhapplicability
of statistical language models for error correction are limited as well. The euofbbigram
syllable types for Telugu is the highest among all languages [18]. Theihggof bigram models
for the language requires significant amount of training data.

e Character to Word Accuracy: In documents, each word consists of a number of components.
A component is a set of pixels, which are continuous. For example, in Brigliter "a” is a
single component where as "i” has 2 components. Thus, even when cemtgdevel recognizers
perform well on a document, the word and document level accuraciesoidye acceptable in
practical situations. Consider an English OCR with 95% character recagaiticuracy and let
the average number of components in a word be 5. The average woghiian error would be
1 —(0.95)%, or 22.6%.

In the next Section, we shall present the previous work related to this vibe word image cluster-
ing method is explained in Section 4.3. The schemes to correct OCR errsity cluster information
is presented in Section 4.4 and Section 4.5. Our experiments and resuksaleddn Section 4.6, and
we conclude in Section 4.7.

4.2 Previous Work

OCR systems have been well studied and engineered for the Latin s&]ptThe performance
of English language OCR systems is acceptable in the case of good quatihedodocuments [82].
Google Books, for example, uses text from OCR to index books in its Enfgligjuage collection.
However, work on the recognition of complex Indian scripts such as Tedtgquite limited [37, 43, 65].
Due to the unavailability of a large corpus most of the experiments were diyema limited number
of pages. The classification results were reported at character ob-@haracter level. For example,
Negiet al[65] report a component level accuracy of 92% on 2524 components.

In this work, we use a base-OCR proposed by Jawathal: [43]. An SVM based ensemble of clas-
sifiers is learned for labeling. Each SVM performs a one-vs-restifitzgson for a given character. The
classifiers for all the labels are arranged in a Decision Directed Acyclpl&(DDAG). The appropriate
architecture for this DDAG is learn from training data. Pérdistinct character labels, the DDAG con-
sists of ¥ C, classifiers. The classification of a given character image takesosigps to identify the
label. In the Telugu script, the number of classe$vois typically 432. This classifier has a character
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Figure 4.3 A sample segment from a document image in our collection. Note the large ambunt

degradations in the characters. Some of the words such as the seqommvioes 1 and 2 are not even

human readable.

recognition accuracy of 97.87% on 1 million synthetically generated anédedrcharacter sets. The
accuracies are much lower on real document images in part becausgnodrstation and degradation
issues, as shall be seen in Section 4.6.

In the presence of OCR errors, post-processing is very usefulrteatcclassifier mistakes. This
could be achieved by building a character error model [44], which is tiseal to correct frequently
confused characters. Another popular approach is to use a dictimamstify errors resulting in invalid
words [51]. Statistical language models such as n-gram models are #kssupcessful in reducing the
OCR errors [49, 61]. However, such post-processing is challerfgingur dataset of Telugu books.
But, the use of language models for post processing is quite challenginafty Indian languages like
Telugu. This is because of the large number of possible words, whichsdakt@naries challenging to
build. Moreover, it is necessary to model joint probabilities for languageetsodt the sub-UNICODE

level.

Most OCR literature is focused on recognizing individual charactedsnaords with little work on
exploiting the constraints like a book is mostly dominated by a single font, anddha&aroccur multiple
times. Mathis and Breuel [56] introduce a style-conscious classificatidedming mixture models
for various styles of characters. Sarkar and Nagy [78] use the stydistitarity within a document
to improve recognition performance over handwritten numerals. Recentpgieat book level OCR
include Xiu and Baird [87] who propose a mutual-entropy based modetatitan.

We investigate a different approach which exploits the similarity of word imagasook. This is
based on the idea of word spotting introduced by Rath and Manmatha [[ABhiéh looks at creating
clusters of word images by image matching. They primarily focused on segribhndwritten word
images using Dynamic Time Warping (DTW). The one weakness of DTW is tiesliow. This was
overcome by Kumaet al.[46] who showed that locality sensitive hashing could instead be usedér ind
and search word images rapidly within a book. However, they did nobparéxplicit recognition.
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Similar work was undertaken by Marinai [55], who explored clusteringhatracter level by which
he was able to recognize merged characters over one book. Tao df8Halso proposed the use
of word image clusters to improve OCR accuracy. Their clusters were siilyumage matching
techniques like Euclidean distance matching and they used a simple majority votmigtes with
dictionary lookup to improve accuracy on 16 pages of English degrasied synthetic means. We
note that their image matching techniques [73] and their majority voting technigumavery accurate
or fast for the book level application we envisage.

This work instead uses locality sensitive hashing [27] for clustering vimahes. The clustered
word images are all assumed to be the same word and their recognition ougatigaed to find the
most likely word. We investigate three techniques - the first one is an apmaitx technique called
character majority voting, the second is based on alignment using dynamic timiegvaf all pairs of
word images and the third a progressive alignment technique - to improvea©€Racy.

4.3 Word-Image Clustering

The goal of clustering word-images, is to partition the word images in the colfeictio groups.
Each group is expected to contain all instances of a given word fromeaflages in the dataset. Hence
the number of such groups would equal the number of unique words iolfleetton, which is unknown.
This means the clustering has to proceed with agglomerative or divisive nsethitidla carefully chosen
stopping criterion. However, these techniques are computationally expegenerally of the order
O(N?-logN -d), whered is the length of the feature vector andlis the number of word-images to be
clustered. The clustering time becomes prohibitive, once the collection ofiwages scales up.

One of the major time-consuming steps in clustering is the identification of Nédeggibors (NNs)
that can be clustered together. By replacing the exact NN problem withanxdmate-Nearest neigh-
bor problem, one can achieve significant speedup in the clusteringssrif£g 46]. The approximate
NN problem is solved using Locality Sensitive Hashing (LSH). LSH buildsashhover the dataset,
which allows for quickly retrieving the approximate NNs for each test poinicédthe NNs are ob-
tained, clustering can proceed with significant speedup.

4.3.1 Locality Sensitive Hashing

The intuition behind Locality Sensitive Hashing is as follows. The dot prbdue projects each
feature vector onto a real line. This real line is chopped into equi-widtimsats of appropriate size
w and hash values are assigned to vectors based on which segmentdjeey @nto [27]. The hash
functions are chosen based pstable distributions that works for alle (0, 2]. The hashing technique
uses several such hash functions so as to ensure that, for eatlorfutivze probability of collision
(features falling into the same bin) is much higher for words which are similarftre¢hose which are
dissimilar. A hash functiom;,7 =1, ...,/ is used to compute a hash code into a second level of hashes
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which stores the corresponding index for fast retrieval. This praeedurepeated. times, therefore
each point will belong tad. tables. For fixed:, b chosen uniformly from the rang@, w|, the hash
functionh, () is given by,

a.xw+ bJ

hap(z) = {

The value ofw is generally chosen to be 4.

4.3.2 Clusters from Hashing

After the hash is built over the word-images, each word is queried aghmgtash to obtain the
approximate nearest neighbors (NNs) within a distaficeGiven a query word feature, the first
level hash codes are determined and all the words within the corresgms®tiond-level hash tables are
retrieved. The NNs for a given query are used to form a cluster fargrery. The query process is
repeated for every unclustered word from the collection. Thus, alisvistom the document images are
clustered into groups of similar words. The clustering procedure is outiimatiorithm 1.

Input: Word ImagedV; and Feature$);,j = 1,...,n
Output: Word Image Cluster®
for eachi=1,...,ldo
foreachj =1,...,1do
Compute hash buckét= g;(F})

Store word imagéV’; on bucket! of hash tabl€l’;

end
end

k=1

for eachi = 1,...,n andW, unmarkeddo
Query hash table for world’; to get clusteiOy,
Mark word W; with &
k=k+1

end
Algorithm 1: Word Image Clustering

We observe that, in general, multiple occurrences of a given word aseeoddl together. This gener-
ally includes noisy images, same words with degradations at differerdatkes, etc. Figure 4.4 shows
example clusters for English and Telugu word images. Such clusters ade#iheandidates for correct-
ing the OCR errors, since the errors in recognizing one character beudrrected by using evidence
from other correctly recognized characters. Sometimes words with thestamend small word-form
variations may also be grouped in a cluster. Words with extra charactegdyare also grouped if the
stem content is same.
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Figure 4.4 Example clusters obtained using LSH over word images. Noisy variantsgirgghted in

red.

4.3.3 Features for Word-Image Clustering

Among various features available in the literature for representing wordeisp@gofile features are
popularly used for word retrieval and recognition problems [73]. Titodilp features that are extracted,
consists of:

e The Projection Profile: the number of ink pixels in each column.

e Upper and Lower Profile: which measures the number of backgroumisgietween the word
and the word-boundary

e Transition Profile: given as number of ink-background transitions plemnen.

Profiles for an example word are shown in Figure 4.5. Each profile is mwvethose size is the
same as the width of the word. The dimensionality of the feature, theremeswvith the word width.
However, we require a fixed length description to use these featureSkbbased clustering.

Fixed length descriptions for profile features may be obtained by compuiisgeete Fourier Trans-
form (DFT) of the profiles [46, 75]. The noisy higher order coefiitgeof the DFT are discarded result-
ing in a robust representation for the word-images. We use 84 Foug#iatents for each of the profile
features. With this representation, word-images may be matched by comfesinge vectors using an
Euclidean distance metric, which is now used for LSH.

4.3.4 Evaluating Clusters

During clustering, it is important to know the right radiiis with which to query the LSH for the
NNs. With a low radius, different instances of the same word may be cldsseqgarately. On the
other hand a large radius may result in noisy clusters. The quality of dhteay be quantified using
the cluster purity measure. Cluster purity measures whether a cluster istamioated by items that
are not supposed to be part of the cluster. However, this measure ésl bagards small clusters. In
the extreme case, if each word were its own cluster then the cluster puritg Wweul00%. This is
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Figure 4.5 Extraction of profile features and their fixed length versions. For eawd wnage, Upper,
Lower, Projection and Transition Profiles are computed. These feattgean through a DFT, and the

top 84 coefficients chosen for each.

undesirable and hence we measure the clustering quality using-fteremeasure, which is popular
in the document retrieval community. Tli&score is given as

(8% + 1) * precision * recall
B2 x recall + precision

Fg =

To compute the precision and recall, we evaluate a serids-¢fV — 1) /2 pairwise relationships for
each of the word images. If a pair of word-images belonging to the samearerdustered together,
such a pair contributes to the true-positives(TP). If such a pair is assigrdifferent clusters, it would
be counted as a false-negative(FN). When two word-images are eldsberether, but belong to differ-
ent words it is considered as a false-positive(FP). Based on thegeuted values, the precision and
recall are obtained as

TP TP

precision = —— recall =

TP+ FP’ TP+ FN
In our F-score computation, we would like to penalize false positives morddlsmnegatives. This

is achieved by using & > 1, typically 5. This gives more weight to precision or cluster purity. The
best performingl” is obtained by evaluating the clustering over a subset of the collection. [dhefp
the F-score against various valuesBis shown in Figure 4.6. For the Telugu scripf]’@f 40 seems to
be the best performing for both English and Telugu. At this threshold,|tiséec purity is about 95%.

4.4 Word Error Correction

In our approach, we propose to exploit the multiple occurrences of d anoss the collection,
to correct OCR errors for such instances. The idea is to propagateGRecQtput at each character
location across the cluster, which is then fused to identify the right word.\ilérd error correction is
based on the following assumptions:

1. Words generally repeat across a book. Each of the occurreneesially similar to the other.
The variations are limited to some of the characters.
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Figure 4.6 Cluster performance across various radii for querying LSH, of Ehglisd Telugu books.

2. OCR errors are typically non-deterministic. They occur at differecations of a word, for
different instances of the same word.

3. OCR errors are local to certain characters. Specifically, the edindestzetween the real word
and the recognized word is generally small.

Let us assume that we are given a cluster consisting of word-imagesggbejdo the same word,
such as the one shown in Figure 4.7. The OCR output for these word-snsgleown alongside. The
fusion operator combines the given text strings of a cluster and gesdnatenost likely outcome for
the cluster label. An ideal fusion operator, would be able to generate trectestring for the cluster,
even when all the words in the cluster are wrong. This is achieved by idiagtihe OCR errors, which
are generally distributed across the word. Such errors could thenrieeia by fusing information
from the cluster.

A naive scheme would assign the most frequently occurring string to the ettister. However,
it is possible that no one word enjoys a majority in the cluster, such as théncageexample above.
Given these words alone, no single word could be used to label the do8terc To address this issue,
we use a method called Character Majority Voting (CMV).

4.4.1 Fusion of OCR results

A basic fusion scheme is called the Character Majority Voting (CMV). CMM@kpthe fact that the
OCR errors are distributed across the word, and generally do natrégesame errors. For example,
in Figure 4.8, we can observe that for each character position, theemufiicient examples where the
character was correctly recognized. The symbols of each word ateumagainst one another. Then
the candidates for each symbol position are chosen by selecting thattrarhich is in the majority
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Figure 4.7 The Fusion operator for word error correction. Erroneous OCRIteefrom multiple in-
stances of the same word are fed to it. The Fusion operator then predicteteet recognized text for

these words together.
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Figure 4.8 Character Majority Voting based word correction. 1st column shows thd wmoages in
the cluster, 2nd column gives the OCR outputs. The remaining columns shalghment across the

strings. Note variants and errors in red.

at each position. If no candidate enjoys the majority, the existing candidaterisptaced. In CMV, the
average length of the word is computed from the length of all words existitigginluster.

Figure 4.8 demonstrates the working of CMV. It shows word images amdsein red in the first
column (some of the small red circles are breaks in the character). Thes@@pols are then expanded
in order (note that Indian languages use vowels to modify consonantsesmog the modifier follows
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the consonant in this symbol list). The CMV looks at the majority in each colurdraasigns that to be
the output which is listed at the bottom.

The drawback of CMV is that it works well when the lengths of all the wandthe cluster are the
same. When the lengths of the strings are different, characters aredisghn the wrong positions,
which leads to errors in the correction step. This is avoided and improvedhypusing a dynamic time
warping based alignment, as detailed in Section 4.5.

4.5 Alignment based Error Correction

The length constraint of CMV may be violated with the presence of degradatiche characters,
which makes the OCR to interpret and recognize a single character as muftgrlerd characters. For
example, in the third word of Figure 4.8 stray symbols are attached to thectdrarasulting in variable
length strings for the word. In this case, the length of the majority of the O@fubwas correct, which
might not always be the case. The correction scheme needs to inderparging length OCR outputs
in the cluster.

This alignment is performed using a Dynamic Programming (DP) technique &ieamic Time
Warping (DTW) [73]. The alignment cosf3[:, j|, between the two words is populated using the recur-
rence relation

D(i—1,j = 1) 4+ d(wi, wa;)
D(i,j) =max<{ D(i—1,5)+1
D(i,j—1)+1

whered(-, -) is the Kronecker delta function.

Let C be a cluster of similar words obtained from the recognizer. Each werd C is aligned with
other wordsC — w of the cluster. All matching characters of two words are aligned and thetaheth
characters are identified as possible errors in womf the recognizer. The unmatched characters are
candidates to replace the erroneous characters in word\lignment of w with all other words of
the cluster gives a grou@ of possible character replacements for errors. Hence, for evesgemus
charactel®;,, k = 1, ..., m of w there arex — 1 possible corrections. The probabiljty of the possible
correction is computed using maximum likelihood - in this case it is just the cowgaalf candidate at
that position divided by the total number of candidates at that position. ré ifkenly one candidate at
a position the probability is set to zero. A wrong character is replaced bywaharactetr,. for which
pi IS maximum. The steps of this process are outlined in Algorithm 2. This proeesluepeated to
correct every word of a clustés.

The DTW alignment occurs between pairs of strings, and one may find multgyle @f combining
the various pairwise results from a cluster. We present two solutionedl@s Progressive String
Alignment (PSA) and fixed-length pairwise Dynamic Time Warping (DTW).
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Input: ClusterC of wordsW,;,i =1,...,n

Output: ClustersO of correct words

for eachi=1,...,ndo
for eachj =1,...,ndo
if j # ithen
Align word W; andW;
Record errordly,, k =1,...,minW;
Record possible correctiotds, for Fy
end
end

CorrectFEy, if Probability p; of correctionGy, is maximum

O+~ 0oOuw;

end
Algorithm 2 : Word Error Correction

4.5.1 Pairwise Dynamic Time Warping (DTW)

In the pairwise-DTW method, the right lengih of the string is identified from the mode of the
length distribution in the cluster. The set of words corresponding to thisHéagdentified asS;, the
other words are the s€ — S;,. A DTW based alignment is performed between eacls S; and
w’ € C — Si. The characters for the two words are aligned, and a null-characteedto pad for
unmatched characters. If the length of the aligned string is longer than ekgefined lengthl, the
characters corresponding to the null-string are removed. Thus all timedlgjrings from each pairwise
match betweem, w’, are now of the same lengfh A character majority voting is now performed on
these aligned strings to obtain the corrected word from the OCR outputs.

Figure 4.9 shows an example of a cluster (first column), the OCR outpuin@emlumn) and the
CMV and pairwise DTW corrections. The red ovals show problems with thedéshagthe cluster and
OCR errars. The green ones show the corrected outputs. In spiteutfdd the 4 OCR outputs being
wrong, the output can still be corrected.

4.5.2 Progressive String Alignment

In the previous method, it was required that the length of the word be kabwach iteration. This
was observed to be too restrictive, giving little scope to correct eartyseriTo handle this problem,
we use a progressive string alignment method. This technique is linear imhigen of words in the
cluster [84] and hence much faster than pairwise DTW.

In progressive string alignment, we begin with a pair of stringsandw- which are then aligned
at characters that match. Once aligned, the character positions whekeotlsérings mismatch are
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Figure 4.9 Example word error correctiorist column word images in cluster, 2nd OCR output, 3rd CMV

and 4th DTW output. Note variants and errors in red and ctioesin green.

replaced by a null-character, s&y. Let us call this aligned string d%/;, wherei keeps track of the
current iteration. In the next iteratiom,+ 1 a new wordws is aligned with1¥;. The procedure is
repeated until all the words in the cluster are aligned.

This procedure is illustrated below. Let us assume that the cluster of wagkes corresponds to
the textabcdef Erroneous OCR outputs for these images is listed on the left column. Asegahthe
strings are progressively aligned as shown below:

abcdef}abXXcdef abXXcdXxXefx | abXXcXdxXefXX

alocdeilaXlocdeXivaXlocdXXeXi aXlocXdXXeXi X
abcolef abXXcXol efX abXXcXXolefxXX
abed e | abXXXedXXeXXI
OCR outputs abcdef=—abXXcXdXXefXX

To identify the correct text string from the aligned strings, we use theaCher Majority Voting,
discussed in Section 4.4.1. All character positions where the null-chardabecurs more often than
a regular character are ignored. By this procedure, the final strirthdécabove example was correctly
obtained agbcdef in spite of multiple errors in the OCR outputs.

An example for alignment of Telugu words is given in Figure 4.10. The Pi§érithm aligns the
symbols correctly creating gaps where symbols are not aligned.
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Figure 4.10Progressive String Alignment based error correction. The first 4 @ aligned outputs
of the symbols. Last row is the output obtained if at least a majority of theacteas agree. The final

string is correctly identified in this case.

4.6 Experiments and Results

We begin with performing experiments over a controlled dataset. This allotesnerk with labeled
word images, allowing us to tune the algorithm parameters. We could also medketidstering results
and identify the loss of accuracy due to LSH based clustering. The ideaid¢0 assume perfect
clustering and to study the effect of word length and the number of wordscister on the error
detection and correction algorithms.

4.6.1 Controlled Experiments

This dataset has 5000 clusters. Each cluster has 20 images of the sahvétivalifferent font sizes,
and resolution. The words are generated by font-rendering usingeMegjck. These words are then
calibrated (degraded) using the Kanungo degradation model [88] toxdprate real data. The word
generation process makes correct annotations available for evaluaipgrformance of the algorithm.
The calibrated data sets were then divided into clusters with the number d§ wemging from 2 to
20. This experiment examines the effect of the number of words in a clostaccuracy. A Telugu
OCR [43] was used to generate the OCR results. We expect the errection to get better if there
are more words in a cluster but to saturate beyond a certain number of ewnddhis is what we see in
Figure 4.11. Figure 4.12 shows that accuracy decreases with worithleig would expect the OCR
word error rate to increase with word length if the symbol error rate istaohsin these experiments,
the DTW technique performs consistently better than CMV.
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Figure 4.11Effect of Number of words in cluster over the word recognition acour@wver synthetic
datasets, the word error correction improves with more points in the clusteiDy¥namic Programming

based error correction always outperforms the CMV.

4.6.2 Results on Book Dataset

We next test our method on our dataset of Telugu and English scanoksl. A@ evaluate the perfor-
mance, the words in the dataset were manually annotated. The base QliBrissglish was ABBYY
FineReader [11], and the Telugu OCR was the one presented in Jatvahit3]. The symbol accu-
racy estimate thus obtained, was about 96.1% for English and 77% foruTellige word recognition
accuracy of the English OCR was found to be almost 92.4%, while that ofT&has about 58%. Since
our ground truth was available at the word level, the symbol accuracyimated as the number of
matching symbols between the given string and the ground truth. Thusyesmthe component level
recognition rate of Indian languages is acceptable, the word levelmiimygrate may be much lower.
The results from the English and Telugu books are given in Table 4.1 .vwntiovord error correction,
we observe that pairwise DTW gives the most error correction rate dfi@limethods except in one
case where the progressive alignment is better. The average woghiten accuracy for all words
appearing at least thrice in the Telugu books was found to be about®6fmext experiment evaluates
the effect of word length on word error correction. The differemtsa@re for words which are short
(2-3 symbols), medium (4-5 symbols) or long-€ 6 symbols). The first observation is that, from the
raw Telugu OCR accuracies, for short words the word accuracysd#e% lower than the symbol (or
component accuracy). For long words the word accuracy ratesarg 80% lower than the symbol
accuracies. This is expected, since there is a higher probability of aihe sfymbols being erroneous
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Figure 4.12 Effect of Word Length on word recognition accuracy. The OCR pempoorly with
longer strings, since there are more characters that the OCR could gg aizoThe word error correc-

tion seems to correct this trend, as seen from the fairly steady plot.

in a longer word. Similar trends are found for the English OCR as well. Skygofollowing word
error correction, we observe that the correction of errors is almdfstromacross various word lengths.
This does not agree with what was reported in [72], which appears todstly because of a better
Telugu OCR output over their data. Further, we see the effect of clsigeion word error correction
in Figure 4.13. In larger clusters, the correction of OCR errors is maregunced than in smaller
clusters. For English, the red and blue lines diverge with increasing chkigge This agrees with our
observations from the synthetic dataset as well (Figure 4.11). Some tjualégamples of successful
and a few failure cases for Telugu are shown in Figures 4.14, 4.15, 4.16

4.6.3 Error Analysis

One of the major source of errors in our framework is when the wordshagrie correctly recognized
by the OCR, end up in clusters with many erroneous recognition results.effbeeous characters
dominate the correct ones, thereby forcing an incorrect alignmerit.resu

In the specific case of one of our Telugu books, the statistics of en@m@sdollows:
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No. of | No. of Symbol Accuracy Word Accuracy
Size Clusters Words | OCR | CMV | DTW | PSA | OCR | CMV | DTW | PSA
5 | Short | 224 2442 82.8 | 88.2 | 88.2 | 834 | 71.2 | 80.2 | 80.2 | 77.9
% Medium 270 2149 74.0 | 80.2 | 81 74.4 | 51.3 | 58.3 | 59.1 | 58.6
Long 137 786 66.6 | 73.0 | 73 68.3 | 32.2 | 40.7 | 41.5 | 38.7
= Short | 1805 | 25242 | 95.3 | 96.9 | 96.9 | 96.9 | 90.9 | 934 | 934 | 94.2
2 | Medium 1158 | 7501 97.7 1 99.3 | 99.3 | 99.1 | 96.0 | 98.9 | 98.9 | 98.4
- Long 823 4012 98.2 | 995 | 995 | 99.3 | 959 | 99.0 | 99.0 | 98.6

Table 4.1Effect of word length on the word error correction of the differentaitpms. See Section 4.6

for details.

Words in Clusters (size-= 3)
Total Word Errors
Corrected Errors
Introduced Errors
Effective Correction
% of errors corrected

5198
2754
717
78
639
23.2%

The 23% corrected words correspond to the 8% of all word errorected for this book.

4.6.4 Effect of Clustering Errors

Finally, we evaluate the effect of clustering errors in word error @tima accuracies. Errors in
clustering could result in mistakes during alignment and CMV. This is espetiaéyfor small clusters,
where a different word could bias the votes for a wrong charactercdmparison between pure clusters
and LSH based clusters is presented in Table 4.2. For pure clusterséledathe dataset were used
to cluster all occurrences of a word together. Similar to previous expetsmer consider only those

clusters which have three or more instances.

As can be seen in Table 4.2, for English the word recognition accuraomd{SH based clusters is
very close to that from pure clusters. For Telugu, we observe al86t6% difference in performance
between LSH clusters and pure ones. This implies that one could obtaierfimtprovement in word

error correction with a better clustering performance.

81




Word Accuracies Vs No. of words in the cluster

100F N LELN 1

90["*

80

> 70 b
Q
[} K
5 eor g
o g
Q ¢
< 50 ,
e]
=
O 40 i
; —e—Eng OCR
30+ d =0-'Eng PSA i
—e—Tel OCR
20 =~ Tel PSA N

10- b

I I I
O0 10 20 30

‘ ‘
40 50 60 70 80 90 100
No of words

Figure 4.13 Effect of cluster size on word error correction accuracy of Telugdi Bnglish Books. It
can be seen that the improvement in word accuracies over the base GQ@Rfisamntly larger for bigger

clusters.

4.7 Summary

A document level word recognition technique is presented, which makesf tise context of similar
words to improve the word level recognition accuracy. An error ctimedechnique is presented to
improve word accuracy of the raw OCR. An efficient clustering algorithas wsed to speed up the
process. The experimental results show that the word level accuaadyedmproved significantly from
about 58% to 66% for Telugu, and from 93.8% to 97% for English. Thegsed technique may also
be applied to other (Indian) languages and scripts. Future extensionschaje the use of techniques
to handle unique words by creating clusters over parts of words.
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Figure 4.14 An example where the errors were corrected by both CMV and DTW metijste of

errors in more than half the words in the cluster.

B Image Output
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Figure 4.15An example Telugu word that could not be corrected, because of langeer of OCR

errors for one particular character.
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Figure 4.16A typical example where CMV fails, but DTW correctly aligns and rectifieS@R errors.

LSH Clusters | Pure Clusters
OCR 924 92.6
%’ CMV 95.1 95.3
w | DTW 95.2 95.3
PSA 95.6 95.8
OCR 57.6 58.2
§ CMV 65.9 70.3
° | bTw 66.3 70.7
PSA 64.5 69.1

Table 4.2Comparison of word error correction between LSH based clusteringaredclusters. Note
that the difference between the word recognition accuracies are insa@gnifior English, and around

4%-5% for Telugu.
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Chapter 5

Conclusions

The exponential rise in the number of documents being archived by matigatmns like Digital
libraries requires tools for the effective access of these collections. dMerse nature and the large
quantity of documents make this a challenging task. We attempt to solve this prbipldaveloping
robust optical character recognizers. The document analysis atestanding of Indian Languages
has been lagging behind the recognition systems for languages like Enigligtis work we propose
a classifier system for effectively and efficiently solving the charaeeognition problem for Telugu,
where the character set is very large (in the order of hundreds) aWwednalyzed Telugu script and their
language rules for a building a language model for better documentsiadding. We have explored
machine learning and pattern recognition algorithms for designing feattreecgan, classification and
post processing mechanisms for recognition of document images. Wauhalysed the OCR'’s perfor-
mance on synthetic documents. We have also extended this analysis to rdatliiments which are
poor in quality. After extensive script analysis, we have designed &R foCthe recognition of Telugu
printed document images. We have conducted experiments to evaluate aisnzerte, in which we
have got good results on reasonably diverse quality documents. ldowies performance of the OCR
varies with the diversity of document images under consideration.

Design of robust OCRs is still a challenging task for Indian scripts. Th&alemodule of an OCR
is a recognizer which can generate a class label for an image componlassifi€ation of isolated
characters and thereby recognizing a complete document is still the funtimeblem in most of the
Indian languages. The problem becomes further challenging in peeséuiversity in input data (for
example, variations in appearance with fonts and styles). We have shatmgh classification accu-
racies can be obtained for character classification problem with the h8RHOG-SVM combination.
Experiments were conducted on 1453950 Telugu character sampleséta858s and 15 fonts. On this
data set, we have obtained an accuracy of 96-98% with an SVM classifier.

A document level word recognition technique is presented, which makesf tise context of similar
words to improve the word level recognition accuracy. An error ctimedechnique is presented to
improve word accuracy of the raw OCR. An efficient clustering algorithas wsed to speed up the
process. We demonstrate our approach on a larger dataset of multipheeddzooks in an Indian script
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Telugu. We further demonstrate the approach over hundreds of Eteglighage document images as
well. The experimental results show that the word level accuracy can breveswsignificantly from
about 58% to 66% for Telugu and from 93.8% to 97% for English. Thegseg technique may also
be applied to other (Indian) languages and scripts.

Techniques which have been implemented and tested on Telugu languagdiiagiisire as follows:

e Optical Character Recognizer (OCR) for Telugu adopted from Malay&&R. [Chapter 2]

Reordering and Unicode rule based models. [Chapter 2]

Classifiers based on synthetic and real datasets. [Chapters 2, 3, 4]

— Linear Support Vector Machine (SVM) classifier with One Vs. All architee.
— Linear SVM classifier with DDAG architecture.

— Intersection Kernel SVM (IKSVM).

Features used [Chapter 2,3,4]

Raw pixels

Principal Component Analysis (PCA)

SPatial Histogram Of Gradients (SPHOG)
PCA with SPHOG

Locality Sensitive Hashing (LSH) for clustering. [Chapter 4]

Word error correction algorithms [Chapter 4]

— Majority voting
— Pairwise Dynamic Time Wrapping [DTW]
— Progressive String Alignment [PSA]
This work opens up many interesting problems in document understanding indian Language

context. In the thesis, we have discussed several problems whicterddu©CR’s accuracy. Though
we have provided solutions to these problems, a lot more has to be done.

e Left out confusions with the SPHOG-SVM combination are associated oalgteall percentage
of the classifier and a post-processing classifier with an uncorrelaaddeset can successfully
boost the overall classification performance.

e The SPHOG-SVM combination can also be used for any language, sindarigisage indepen-
dent.
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e The document-OCR incorporates information from the entire document taeedord error
rates. The improvement in accuracy for words which occur at leasketimithe collection is
about 8% for Telugu and 4% for English. Future extensions may includesthefiechniques to
handle unique words by creating clusters over parts of words.

e The approach may be applied to improve the accuracy of any OCR runcumgmnts in any
language. Here we have shown for Telugu and English documents.
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A.1 Characters List

Appendix A

Appendix

The class labels used for designing Telugu OCR are as show in the foll&igimgs:
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Figure A.1 Classes used in Telugu OCR
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