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ABSTRACT

Making a computer perform the task of anabzing and
understanding a document 1s a challenging and interesting project
Qur project tries to recogmze the text characters of a printed
document

The report describes the development and implementation
of a Text Recogrution System In our present work we assume the
existence of a front end video scanner, the tnput then is a digitised
bilevel image encoded 1n the form of a bitmap

The project 1s divided mmito mo parts  preprocessing and
recogmtion. In the preprocessing phase the document which is fed
as a bitmap image 1s analyzed and fmes are extracted. These fines
are then further processed and the words and letters m each word
are obtained

The next phase, e, the recogninion phase, uses a Neural
Network to recognize the letters The standard patterns for the
network are obtained from the scanned image of the reference set
of the same font and style as the document to be recogmsed The
letter from the document are then fed as the test patterns o Neural
Network which outpuls  the rvecogrised characlers These
characters are then grouped in to limes und words and are printed
as a document

The project is implemernted wsing Visual C++ on windows
95 platform.
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Chapter 1
INTRODUCTION

L1 Overview

The advance of office automation and the onset of the informaton age is
fundamentally grounded in the ability to cregte, mampulate, store, retneve and
transmit electronic documents Word processing apphications allow us to easily create
and edit electromc documents and compression of the documents’ electronic
representation allows efficient storage and transmission, the text analysis community
has focussed on the processing, indexing and reineval of text from large reposntories
For documents whose entire life cycle 15 electromc, these tasks are relatively
straightforward and users have therefore come to yiew documents as mampulable,
searchable entities Unfortupately, for those documents that were created manually, or
for those documents whose electronic representation 18 sumply not available, systems
must deal with scanned images of the hard copy representaupons

To overcome thus enormous and ever increasing problem, there 15 a need for
the reahsation of computer based systems which are capable of providing antomated
analysis and interpretation of paper-based documents

The move from paper-based documentation to paper-less storage and retneval
system has been prompted by advamages such as efficiency of storage and retneval,
high saving of storage space, abiity to update and revise the document stored with
moimum effort etc

The ultimate goal of developing reading machipes, winch copes with the
epormous flood of paper documents such as bank cheques, commercial forms,
govemment records, mail Sorung etc., gemerated by the expanding technological
society, bas been the principal motivation for OCR systems Character recognition



plays a sigmficant role in document analysis systems. Today’s Optical Character
Recogmtion Systems “read” text by scanning an 1mage of the document and then
converting it to characters, letters, numbers, and symbols that the computer can
manipulate Once the document is in character form, the computer can be used to

reformat the text in the document, do repelitive mathematical calculations or sort
information in the database

Methodologies in character recognition:

The methodologies apphed 1n character recogmition are not different from
those applied 1n any general image or pattern recognition problem, with respect to
image analysis and pattern recogniion However, because of the parhicularity of the
character recognition problem, the methodologies can be summanzed according to
Gaillat and Berthod as follows
(1) Point by point global comparison This process mvolves a point by point

companison of all the pixels that are stored with the pixels of the image
{11} Global fransformations For example, Karhunen-Loeve, Founer moment

calculations and finally rotation according to the principal axes of 1nertia
(ny)  Extraction of ithe local properties Such local properties are the end points, the
pronounced angles or corners, the T-junctions, and the crossing of strokes

This extraction can be achieved by various methods, ¢ g, by means of fixed

masks of vanable positions It 15 often prerequisite to thin the character and

then 1o apply the above methods of extraction
() Search for the extraction with certan lines. The hwes can ether form
rectangles or simply be vertical or honzonial
Analysis by means of curvanures This involves curve following. detecuon of
concavines and geometric analyss

vl



(vt} Structural methods Such methods include decomposition of the character into
its constituent elements, the topological descripton and the reduction
character into a graph.

1.2 Historical Background

One of the earliest attempts tn character recognition was that of Grimsdale et
al [Gnmsdale et al, 1958] wherein, in a pioneering work, they described a method
where the input pattern 1s scanned by a flymng spot scanner Subsequently it is
analyzed for shape by a digital computer, which extracts the basic features These
features are compared to values that have been stored 1n the computer, m order to
reach the proper decision It was envisaged that for hand wntten characters to be
recogmzed the same approach would be adequate but with a higher degree of
complexity Another work for that penod was that of Bledsoe and Browming [Bledsoe
and Browrnung, 1959] who descnibed a rather more general approach using 2 pboto
mosaic of 10 x 15 photocells

In the early 1960's Murray Eden at M1T put forward the 1dea that all Latin
script ¢characters can be formed by 18 strokes, which 1n turn can be generated from a
subset of four strokes, called segments This concept was the ongin of a great deal of
research at M I T and elsewhete and 15 known as the “analysis-by-symihesis” method,
as for examples see those by Blesser, Cox, Shil{man, and finally yoshinda in Chinese
characters But the greal importance of Eden’s work was thai he formally proved that
all hand wntten characters are formed by a finite numbes of schematic features, a
point that was implicitly ancluded m previous works This notion was later used 1n all
methods 1n syntacti¢ {structural) paiterst recogmtion apphed to character recogmtion

In Casey and Nagy [Casey and Nagy, 1966] at [ BM presented one of the
first attempts in Chinese character recognition Since the Chinese alphabet was sbout
1000 characters a step-by-step approach was applied Thai 15, they first grouped



stmilar characters, and then “group masks™ and then finally “individual masks™ were
employed However, later works showed that a number of strokes and their positions
could be adequate for recognition of Chinese characters In 1968, Casey and Nagy
introduced an unconvemtional approach to character recognition, the so-called
“autonomous reading machine”, since no previous training or @ Prior: information
about the character was needed, but instead the known letter pair frequencies of the
language were used for recognition

Parks et al [Parks et al ,1974] produced a feature extraction method for
extracting lists of topological features and a herarchically structured articulate
method of recogniion Tou and Gonzalez [Tou and Gonzalez , 1972] ntroduced a
two stage scheme wherein the first stage measurements are faken by means of a
measurement gnd 1n order to separate the pattern classes into several subgroups, and
1n the second stage a number of speciahized features are extracted

Pavlidis [Pavhidis, 1975] making use of his split and ‘merge algonthm,
produced polygonal approximations of the characters which could provide enough
information for both the character shapes and the syntactic analyzer

1.3 Applications Of OCR
Apart from being used as document storage systems which eliminate laborious
and repetiive work needed to index documents, OCR systems have many oOther
applications A few of them are
« Use in postal department - for postal address reading and as reader for hand-
wnitten and printed codes
« Use by blind people - as a reading aid when synthesized with the speech sysiem
» In automated Cartography, information units and libranes for facsimile
« For business applications — financial business applications hke check sorting

strategy ophunization.



In law enforcement applications, m educational admimstranons exampation

assessment and as atiendance record evalmation

« For digital bar code reading and as hand writing analyzer ~ for astomatic writer
recognition and signature verification

» Use n customer lilling as 1n telephone billing system,
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Chapter 2
CHARACTER RECOGNITION METHODOLOGIES

2.1 Survey Of Previous Work

Literature on OCR may be pnmanly classified mnto two categories based on
the two approaches for recognition 1) feature mapped and 2) image mapped systems
as mentioned earlier Some of the iterature on OCR includes surveys, practical
working implementations and theones for OCR We begin the literature sun ey with a

discussion of some OCR systems

2.1.1 Feature mapped systems

Pavlidis [Pavlidis, 1986] described & vectonzer and feature extractor for
document recogruition He described a tunmng algorithm that operates directly on the
run length encoding of a binary image The algonithm finds ready use 10 apphcations
ranging from Cartography to character recognmion Strokes, arcs, holes endpoints
etc are found by this algorithm The performances of the algorithm for both character
(Enghsh and Arabic numerals) and document recogmuon have been illustrated
[Pavhdis, 1986]

Sinha et al [1979] designed a syntactic pattern analymis sysitem with
embedded Picture Language called PLANG for the recogrution of Devanagin script
It assumed a rectangular picture frame for every picture It consisted of pnmuives,
partiioming finchions, composed macros and frame fimchions  Structural descrptions
of each symbol of the scnipt were stored in terms of primit es and their relanonships
Recognition mvolved a search for primitives on the preprocessed and tabeled parteriis



based on stored descniptions First a word m Devanagiri scnpt was segmented into
composite characters, the composite characters were decomposed imto meaningful
parts and the decomposed parts then recogmzed Contextual information was used
dunng recogmtion Experiments for recognition were performed for typed as well as
constrained hand written characters

Sinha et al [Simha et al 1987] proposed a2 rule based contextuzl posi-
processing scheme for Devanagin text recognition in winch the spatial relationships
between the constituent symbols were used Word composition was checked for
syntactical correction and, 1f found to be incorrect, symbols were substituted with
their resembling counterparts An example of word composition rule 1s a vowel
modifier symbol could appear only on a consonant

Yeh et al [Yeh et al, 1987] proposed a strategy to locate addresses on
envelopes The envelope on which the address was to be located was segmented nto
regions of consistent pnint style and a region most likely to be the address chosen on
grounds of position, size, print style etc without attempting to read the characters

Kimura et al [Kimura et al, 1991] combimed two pattem recognition
algorithms for recognition of unconstrained, i1solated hand wnitten numerals Fust, the
features in the dignized character images were extracted Two features were
considered of which one was a direction vector feature wherein a local histogram of
chain godes was calculated and the feature vector was composed of these Jocal
histograms The feature vector had 64 components where 16 zones of the character
tmage were included The second kind of features was the profile features, denved
from profiles of external contours of the numerals These were charatter wdths, rano,
location of extrema, and disconunuitres m character profiles Among the two
algonthms for recognition, the first algonthm used 2 modified quadratic discnimnant
funetion (MQDF), using direction-sensitive spatial features of the numencal image It
required less computation tme and storage than the ordinary quadratic discrimmnam
function (QDF) and was less sensttive to estunation ervor in the envanance matnx It



was reasonably well used in the case ;n which sufficient oumber of samples was noft
available The MQDF was dertved from Bayes® decision rule for unknown Gaussian
distribution under some assumption This statistical classification scheme was called
the k-algonthm The second algorithm used features derived from the profile of the
character 1n a structural configuration to recogmze numerals A group was made up of
Boolean expressions consisting of prunstives for each mumeral sub class These
groups were defined as a set of primntives characterizing a specific sub class of a
numeral Groups were determined by the sumilanty of their nght and left profiles and
were then combined 10 firm a chain for each numeral A chain 13 either a single group
or a union of groups, all identifying a specific pumeral recognition procedure A treg
structure was utilized to determine the specific group to which a2 given test numeral
belonged This structural classification was called as s-algorithm Results indicated
low error and rejection rates for these algonthms and algonthms obtained by parallel
and sequental combination of these two algorithms in different ways

Buchowskt et al [Buchowsk: et al, 1988) have published a technical repon
descnbing an OCR system which can recogmize the ten numerals printed 1n vanety of
fonts, styles and sizes The segmentation of the digitized 1mage was done by first
preprocessing the digital image The threshold of the image was determined using an
automatic method from the image histogram by obtaimng the largest peak of
intensity, I and the peak with an imensity no greater than I-d for some d~0 The
threshold value was the average of the intenuties of these to peaks Now, from the
binary image, hines of text were located from a honzontal projection of the image
From the bare areas of projection, lines of text and 1solated characters were dentified
and extracted, This character image was then thinned using four and eight connected
regions Spurs obtained after thinning were removed and next, features were detected
from the thinned 1mage by locating fore ground components, holes, branch points,
end points, vertical crossings and the rato of & charactex’s berght 1o its width in pune
zones of the character image Classificabon was done by traversing along a deciston
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tree A branch test 15 assoctated with each non-terminal node of the decision trec
which depended on variables (e g, number of components, holes, branch points, end
pomts, vertical crossings), are predicates {e g, component crossing a zone, hole
crossing location zone, branch point or end Puint occurtence inm a zone) A 97%
recogmtion performance was claimed for this syStem

Liet al [La et al, 1992) used moment invariants as feature 1npuis to Neural
Networks using an 1mproved version of the back propagation algonthm for
classification of some English character patterns Instead of using random weight and
biases for mitialization, they used a Correlahon Based Learning Vector Analysis
(CBLVA) algorithm, which calculated the inmial parameters for the hudden layer by
analyzing correlation values among traming patterns A set of seven invanant
moments, representng the shape charactenstics of printed characters, were used as
inputs for the Neural Network Expetimental results show that this neural-net
classifier converged much faster in training and achieves a classification-accurac)

comparable to that of a standard propagation classifier
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vaned and it was reported that with more hidden units, the network converged in
fewer steps Network performance opumization was studied by 1) biasing input
values to the hugh learning rate partion of the input neuron, and 2} eliminating the
weights whose absolute values were less than a preset threshold In the first case, it
was found that when the average value of the mputs over the entyre rasming set was
subtracted, learning was most rapid In the second case, a third of the near-zero output
weights could be elimmated without adversely affecting the recognmion accuracy.
shnwang that the putput nevwons performed hke logk gates ,
Fukpsiinac=t-al - Fakushmecet-zl 199 ] aroposed isNeursh Network-model
of visual patiein recogmtion, called the pmeocogmuon far deformation 1ovanant

recogntion purposes  The ncocdgmitron was &-hierarchical nevwork! consisting: of

-

severzl' iayers of interconnegted: peuron-hke eelley’"ne lowest stage of network was a
two-thmensional input layer Each succeeding:siage had a layer consisting of.cells,
called S {(simple) cells, followed by another layer of. cells, called the C (complex)
cells S cells extracted features and C. cells allowed for positional eirors in features
Learning could be supervised or unsupervised Different traiming patierns wers gsed
to train differemt ilayers -of the network, wath -vanous -aspects of deformation
incorporated 1 the patterns Thus, deformation mvanant patten recogmlion was
achieved

Perantorus et al [perantoms et al, 1992] discussed the classificauon end
recogntion of two-dimensional patterns independently of their size, position,
onentation (termed transformauan), local distorion and noise 1n the patterns by using
high order networks A tiurd order network was chosen to handle otnpur invanants
under translation, rotation and scaling transformations stmuliancously Transformed,
distorted and noisy hand wittten and typed mumerals were presented 10 the network
for testng its performance To obtain a third order petwork for example, all weights
were set equal for which the line segments could be transformed 1ota each other

through translation, when these segmenis were equal i length and parallel to each



other To build this 1nto the network p-tuples of points in the plane were assigned 1o
equivalence classes Thus, neuron activation functions were obtaned such that a
single layered feed forward petwork could classfy images representing invariani
features Bias terms are subsequent layers of weights did not affect the invariance
praperties of the network Zemike moments of test patterns were also computed and
fed to a first ordered multilayered feed-forward Neural Network with
backpropagation traimng as a classfier and this was compared with high order
network recognition 1t was found that third-order networks were supenior 10 the use
of Zernike moments followed by a conventional Neural Network classifier in
invanam pattern recognition tasks including recognition of distorted patierns, but not
patterns corrupted by randomly distributed noise In both cases, the computational
aoverhead incurred in coding the images was much less than the time required 1o train

the classtfication network.

2.2 Overview of Present Work

The aim of the present work i1s 10 recoguze printed English text using
Artificial Neural Networks (ANNs) Earlier work on character recogmtion has been
done using conventional pattern recognition techmques We make an inal attempt
here of using Neural Netw orhs for recognition with the aim of rmproving upon earlier
methods which do not perform effectively 1n the presence of notse and distortion in
the characters. Due to himitations of the Hopfield of Neural Network, » new scheme
named as the Multiple Neural Network Associative Memory (MINNAM).2s proposed
by M B Sukhaswami et al was used The hmitanon in storage capaciay has been
overcome by combining multiple pewral networks that work 1n parallel The Weural
Nerwork was designed and implemented by M Snmvasa Rao under the gindance of
Prof Anun K Puyjani , Dept of Computer Saence, University of Hyderabad A bnef
descripuon of the Neural Network is grven i the following sechions

1k



2.3 The Neural Network

Artificial Neural Networks are abstract representations of brain information
processing The hope to reproduce at least some of the flexibility and power of humar
brain by artificial means has lead to the subject of study known as Neural Networks.
Neural computation or Bram like computation [Anderson 92)

2.3.1 Basic Concepts of ANN

The potential of Artificial Neural Networks (ANN) relies on massivelY
parallel architecture composed of many simple computational elements connected by
edges called weights The basic computational element in an Artificial Neural
Network 1s called neuron and 1s also known as node or processing element Brain
researchers have identified over 100 different kinds of biological neurons Processing
clements also come n a varniety of types McCulloch and Pitts [McCulloch 43]
proposed a binary threshold unit as computational model for a neuron As a unit, the
Neural Network can be represented wath threshold and weight functions

In an Artificial Newral Network, inputs are fed to neurons through synapses
(connection weights) Basically, the output of a neuron in a Neural Netwotk s a
weighted sum of s wnputs, but a threshold function 1s also used ta determune the final
value or the ourput

The state of a neuron is nothung but the actnity of a seuron at any time
unstance This annbute may be discrete or conunuous valued An vpdate rule or
transition rule or activation rule 1s a rule for evaluatng the sixte of one or more
neurons at any lme nstance This atinbute may be discrete or continuous valued Ap
update rule or transition rule or activation rule 1s a mile for evaluatiog the state of one
or more neurons under the existing condrtions and changing them if Pcessary



Topology of ANN 1s the patiern of connectivity mn such a way that it can be
viewed as weighted directed graph in which Ammficial neurons are nodes and direcied
edges (with weights) are connections between neuron outputs and newon mputs
Basing on the connection patiern (architecture), ANNs may be grouped mto two
categones Feed-Forward networks (non-recurrent) are those 1n which graphs have no
loops, while Feed-Back (recurrent) networks are those in which loops occur because
of feedback connections Broadly speaking feed forward networks are static, where as
recurrent or feedback networks are dynamic systems When a new input pattern s
presented the neuron outputs are computed Because of the feedback paths, the inputs
to each neuron are then modified, which leads the network to enter a new state.

The state of all the neurons i the feedback network at any instant of time is
the state of the neural aetwork Stable states of a feedback network are the states of
the network which do not change under usual disturbances in the states of the neurons
of the network Learning tn a neural network is the process of making certain set of
states of network as stable states The function in which one can substitute the siate
values of the neurons that represents the energy of the network (af that instance) 15
called its energy function Dunng the updation of the network, the value of the energy
function decreases and eventually reaches a8 minimum 1In view of the above definition
this state of the network is referred to as stable state and this minimum 18 called local
minimum When this state 1s reached, the network 1s said to be stable

Learning Rules

The ability to learn i1s & fundamental trant of intelligence ANNs" abilny to
automatically learn from examples makes them attracuve and exciting A learmng
process 1n the ANN context can be viewed as the problem of updanng network
architecture and connection weights so thai a network can efficiently perform a
specific task

13



A learning algonthm refers to a procedure in which learning rules are used for
adjusting the weights There are three mam learmmng paradigms supervesed,
umsupervised and hybrid
In supervised learrming or learmng with a “teacher”, the network is provided with a
comrect answer {output) for every input pattern Weights are determuned to allow the
network to produce answers as close as possible to the known correct answeis
In contrast, unsupervised learnirig, or learning without a teacher, does not require a
cormrect answer associated with each mput pattern m the traming data set It explores
the underlying structure 1n the data, or correlates patterns in the traamng data set It
explores the underlying structure 1n the data, or correlates patterns in the datz and
organizes patterns into categones from these correlations
Hybrid learning combines supervised and unsupervised learmng

There are four basic types of learming rules emor-correction, Boltzmann,
competitive Jearmng and Hebbian learming A bnef des¢npuion of each of these 13
given below
Error-correction learning* In this learning paradigm, the network is given a desired

output patiern for each input pattetn During the learnung process the actual output y
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Hebbian learning: The oldest learning rule is Hebb’s postulate Of learmng [Hebb,
1949) Hebb’s rule 1s based on the following observation from neuro-biological
expenments 1f neurons on both sides of a synapse are activated Synchronously, and
repeatedly, the synapse’s strength 1s selectively increased Mathematically, the

Hebbian rule can be described as

wy(t+ D =wy (1) + 1, (D x (1)

where x; and y, are the output values of neurans z and J, respectively, which are
connected by synapse w,, and 1 1s the learning rate MNote that x, 15 the input to the
synapse The important property of this rule 1s that jearning 1s done locally, that is, the
change i1n the synaptic weight depends only on the activities of the two neurons

connected by it This sigmificantly simplifies the complexity of the learming circurt 1in

a VLSI mplementation

2.3.2 Hopfield Network

Many models of Neural Networks have been proposed to sclve the problems
of pattern recognition, prediction, optimization, associative memory and control And
Hopfield mode! of Neural Network with associative recall 18 one of most suitable
models to accomphlish the present task

Hopfield [Hopfield 1982,1984] used the network energy function as a ool for
designing recurtent networks and for understanding thewr dynamic behavior
Hopfield's formulation made explicit the pnoople of stonng nformanon as
dynarmcally stable attractors and populanized the use of recurrent networks for
associative memory and for solviig combinzional optimization problems A Hopfield
network with n unns has two versions binary and conhinoous vahied Let v, be the
state or output of the 1th neuron. For binary networks v, 18 1 or 0 or for bipolar v, 1s
+] or -1 and for contimuous networks v, could be any real value Let w, be the

15



synaptic weight connecting neurons 7 and 7 the petwork dynanucs for the binary
Hopfield network are as follows ‘

If the state of the rth neuron at tiroe 1.15 denoted by x. (7). then the neuron at the next

rrv ) == Sg?l-f‘g Wy X £k 1,

=2

where sgn(x) i a function that produces 1 1¥ x>= 0 and O otherwise The eentral
feature of the Hopfreld network :s that each state zar be. associated with a quantity
called energy £ The energy of the network at a parhicular siate is given by [Hopfield,
1982]

3
E=-17; E E Wy, J.'._x‘,,+ . hx
v

=t y=}

The energy function 1s of Lyapnov type which maps system stare vanables to
real pumbers and monotomcally decreases with ume Kosko [kosko, 1992) The
central property of the energy function is that .85 network state evolves according to
the network dynamucs, the network energy always decreases and eventually reaches a
local munimum point {attractor) where the network always decreases and eventually
reaches a local minimum poim (attractor) where the network stays wrth a constant

energy
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2.3.3 Assocative Memory

When a set of patterns 1s stored as local pnmma (attractors or stable states) in
a network, 1 can be used as an associative memory Any patterp present in the basm
of attraction of stored pattern can be used as index to retrieve it The set of all initial
state vectors that converges to a stable state 1s called its basin of attraction. An
associative memory usually operates i two phases memory storage and information
retnieval In the storage phase, the weights 1n the network are deternuned (using a
learning rule hke Hebb’s rule) so that the attractors of the network memornze a set of
patterns to be stored In the retneval phase, the input pattern 1s used as imtial state of
the network, and the network evolves according to rts dynamics A pattern Is
produced or retneved when the network reaches equulibrnum The number of patterns
stored in a network is called capacity of the nemork It 1s mfinite because a network
with n binary neurons has a maximum of 27 distinct states and not all of them are
attractors Some attractors are called spurious attractors (or spurious states) when they

store patterns different from those in the trarming input

The Hopfield network with Hebb's training rule suffers from the presence of
spurious states, as well as with low storage capacity Hence a8 new Neural Network
architecture (MNN) consisting of set of set of Hopfield model connected in
hierarchical pattern 1s proposed Each Hopfield network s trained 1s sained by a new
traiming scheme which avoids any spurious states ts robust for reeneval with hmited
capacrty The limnation 1n capacity 1s overcome by the hiesarchical structure of molts
level Neural Network
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2.3.4 Working of MNN

The set of exemplars 1s given to the Neural Network in the form of binary strings
The Neural Network groups these patterns into pairs of two Ewvery network in the
first layer L, takes one pair as exemplars The test pattern is also presented as a brnary
string, to all of these networks Each of these networks then compares it with both the
exemplars for that network and outputs the best match for that test patiern. The best
matching exemplars obtained from the networks in layer L, are fed as training
patterns to the next layer of networks 1 ¢, L; The number of networks in ths layer 1s
equal to half the number of networks 1n the layer L, The test pattern 1s fed 1o all these
networks again The process 1s contnued til] the number of networks m the layer
becomes one This 15 the last layer and the net work in this layer outputs the final
recognized character

When both upper case and lower case letters of English Alphabet are taken as the
reference data, the number of netwarks in the outermost layer, that 1s L, as 26 and the
number of layers 18 6 When only either upper case or lower case letters are taken, the
number of networks n layer L; 1s 13 and the number of layers is five

A schematic diagram of the MNN used 1n the presenl work 15 shown i fig |

| 1



Chapter3
DESIGN AND IMPLEMENTATION

3.1 Overview

The aim of Optical Character Recognition (OCR) is the recognrtion of
mndividual! characters by the computer when these are presented to the recognition
system in the digitized form Currently, a lot of published matenal exists on OCR of
many different languages including English, Chinese, Japanese, Arabic and Indian
languages like Devanagiri, Telugu, Tamil, etc Several surveys on OCR of printed
and handwritten characters can also be found in the hiterature Some of these have
been discussed in the previous chapters A number of commercial OCR systems are
also available for some of these languageg

A conventional OCR system consists of 8 series of steps, which may be
represented by a block diagram as shown 1n ig 2 The digitized or scanned form of
the character image 1s obtained from the page contaiming 11 and 1s a mainx of
intensities of different individual pixels (picture elements) of the character The
Preprocessing stage consists of two steps The first one involves the conversion of
multiple gray-levels (image imensities) to two levels (binary image) which 1s called
thresholding This techmque faciltates the identification of the pixels that contnbute
to the description of the shape of the character Unlike image Processing techmques
where gray-level images provide significant informanon at esch location n terms of
mtensity of a pixel, the character recogmtion task sequures Only a son of shape
description and thus a binary image would suffice for this kind of study It 1s 10 be
noted that computer handhing of binary image 1s much more space and hme efficient
than a gray-level image The second step mvolves reducing the ongnal thickness of
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the characters to a value which 1s convenient for recognition (called skeletomzation or
thinoung}

The approaches to character recogmition can be broadly classified into two methods

a) Feature Mapped Recogmion In this method, recognition is achieved by
1dentifying pnimitives/features 1n the digital image consisting of the character The
preprocessed image 1s first segmented or separated mto different meaningful
elements, called features or pnmtives These primitives are then recognized
indrvidually and thus the character 1s recognized by searchung for the occurrence
of one or more of these primttives or features Statistical decision fimctions may
be computed dunng the search process Syntactic or structural pattern recognition
1s also an example of feature mapped recogmtion because the pattern to be
recogmzed 1s expressed as a stnng of symbols and these symbols are obtained by
coding the features which are first extracted Rules of syntax to form different
legal strings of the patten grammar are first decided and the test pattern, also
expressed as a string, 15 venfied as to whether 1115 legal within the grammar

b) Image Mapped Recogmnion Here, recogmiion of the complete or pant of the
character image 15 achieved The whole image, rather than ddTferenmt ponmitives
extracted from K, 15 presemed to the recognizang mechamsm  Artificial Neural
Network based recognition belongs 10 thus category of recogustion because the
whole 1mage is presemed to the Arufic:al Neural Network for recognibion In the
present work the approach of image-mapped recoRMbon was adopted and the
block diagram of the proposed character recogrmion scheme ts shown in fig 3
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3.2 Image Acquisition

The OCR systemn takes the image file as an input (2 .bmp windows format file)
which passes through various stages of preprocessing The initial processing stage in
any QOCR system requires conversion of paper-based image or text to a digihzed
image The digitization can be achieved using a HP Deskjet scanner Biparization
converts the document into discrete array of mumbers, which can be stored and
processed The header of the image file gives information such as image height and
image width The length and content of the header vary with the format of the image
file

The process of loading the bitmap image from the disk to the memory is
performed by the function loadBMP( ). The load BMP( )} function 1s passed a Cfile
object 1dentifying the bitmap file which wall already be opened The first step 1s 10
read o the bitmap header Thus is stored 1n a type BITMAPFILEHEADER structure,
and provides a vaniety of information about the bitmap including the file s1ze and the
location 1n the file of the data bits This header structure has a member varable
bfType The code checks to see that this variable contains “BM™, indicating a bitmap
file The code then reads the header into a type BITMAPINFOREADER structure
The next step is to read the color table data Finally, the bitmap bits, the data that
actually defines the image are read The vanables pbmpi and pbits are set (¢ point &
the data This information 1s used to create a hbmp object by taliing the windows
API function CreateDIBitmap( )

The document when digitized is stored as bits in the wpage file An image
pixel 1s stored as zero and background pixel 1s stored as ont Since only bytes can be
accessed from the memory, we get opne byte from the file 1n one access Decoding
this byte into eight individual pixels is known as nnpacking Getting the hbmp object
obwiates the need for unpacking The GetPixel( ) function can be used top directly
obtain the color values of individual pixels



3.3 Displaying The Document

The display function draws the specified bitmap omto the device context,
which 1s passed to the function as an argument. This function displays the bitmap by
callng the windows API function StretchBl¢( ). This function uses the operation
SRCCOPY, which copies the bitmap wrthout alteration to the destination The
StretchBIt( ) function has the abilty 1o stretch or compress the bitmap Thus is done
if the destination width and height differ from the source width and height For the
present purpose, the destination width and height are fixed so that the bitrap is
always displayed at the specified position and with the specified standard size on the

sCreen

3.4 Preprocessing

Preprocessing 1s that stage of recogmtion, wherein the raw image obtained by
scanming a picture 15 converted to a form acceptable to the recognizer To extract
individual characters from the dignal image 1n a form ready to be presented to the
neural network for recognition, preprocessing was performed as descnbed 1 the
following sections For character recognition, this involves conversion of a gray scale
ymage to a binary image In our present work this 1s carried out while scanning, by
scanmng the document as a bi-level image Further steps tavolved are the tsolabon of
individual characters, and aligning them both horizontally & vertically with respect

the central axes

3.4.1 Extraction Of Individnal Lines Of Text
To extract mndividual characters from the document, Lines of text have to be
isolated The function linesep( ) is used for ths purpose The pumber of black pixels



in scanline of the page is counted A line starts at a scanime with non-zero number of
black pixels and 1t ends at scanline with no black pixels The begmning and the height
of all lines in the page are then obtamned and the number of lines in the page s
counted The hnes with height less than five pixels are ignored to accourt for noise or
any random pixels The remaining lines are stored m an array of two-dimensional
matrices called line. Function linesep( ) 15 used to perform these operations Ithis

funtion is described below

Function linesep{ )

Variables used.

Count array containing the count of black pixels for each scans line

Lineht - array containing the height of the lines 1n pixels

Linebgn array contaimng the beginming scanline number of the line 1n the bits
matnx

Lineno counter used to count the mumber of Lines
The algorithm used for the process 1s given below

for each scanline

(
count the number of black pixels from the bus mamx
store them w count array

3

for each scanline

{
1f count is not zero and flag 15 not set

{



increment line count
save the scanline number as the line beginning
set flag
}
if count 1s not zero
increment lineht for that line
if count is zero and flag 15 set
reset flag
}
if lineht < 5 1gnore the line

else allocate the memory for the matrix to store the hne

store the line n the array line

Thus, the separation between hines 1s obtained and the hnes of text are extracted

3.4.2 Isolation Of Single Characters

Individual characters are extracted from the Imes by obtaining the separation
between the letters The algonthm used for thus 13 ssmilar 10 the one used 1o separate
lines of text The 1solation of characters 1s performed by ithe lettersepl ) function
This function takes the ine number as an argument and exiracts the letiers from the
specified line.

In order to be able to group the recognized tetters subsequently into words and
Lines, 1t 1s necessary to keep a count of numbey of word sin each line and the oumber
of letters tn each of these words This task is also performed by the lettersep ()
function

The lettersep( ) function takes as argument the Ime mumber of the lne 10 be
processed The line number is used to index the specafied hine in the global line array
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A count of the number of black pixels in each column of the line matix 1s
maintamned This count 1s used to find the separahon between letters The coumt of
black pixels for each colurmm of the line is examined, staring from the first column
The first column with non-zero count is considered as the begmmmg of the first
character of the line The letter ends at the next column with zero coum of black
pixels The second letter starts at the next column with non-zero count of pixels and
ends wit the following column of zero count This process is continued till the last
column of the line 1s reached The count of number of letters is mamntained and the
minimum blank space between two successive letters 13 determuned If the blank
space between any two letters 15 mare than twice the mimimum blank space then it 1s
considered as a word separator The coumt of number of words in the line is
maintained

The letters extracted from the hne are stored in an array of matrices called letters

Function lettersep( )

Varnables used-

count Array containing the number of black pixels 11 each column of the hne matrix
blank Number of consecutive blank columns between previous letier and present
letter

minBlank Minimum number of consecutive columns with zero black pixels

{twidth Array contasming the width of all the letters of a line

Iicount Number of letters in the line

mword number of words in the hne

nletterw’ array containing the mumber of letiers i cach wotd of the line

The algorithm is decribed in the following pages



for each eolumn of hine matrix

{
count the number of black prxels
store them in count array
}
For each column of line matrix
1
1f count 18 not zero and flag 13 not s
{
set flag
increment letter count
update mimblank
}
if count 1s not zero increment twidth
if count 1s zero and flag 1s setreset flag
)

.. {calculating the numberof words. . __ . ___ . __ e || e s
i ||_| III m l.IIII-I; |-||.-. |1]|-||||_||II|_ 1IN EMEILITIE I—G; ﬁh_Ci] éDlUfﬁﬂ G.’i]flij ﬁ‘latl‘fz 7|
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set flag. - —
if blank>minblank..
{

rd cound morement Wy

set wilag

}



if count is zero and flag 1s set

{

reset flag

if blank>minblank and wflag is set then reset wilag

}

)
//calculating number of letters in each word

for each column of line matnx

{

if count 15 not zero and flag 15 not set

{
set flag

if blank>munblank

{
imncrement nword
set wilag

]

1if wilag 15 set
increment nletterw

)

if count is zero and flag 1s sct

(

reset flag

if wilag 1s set and blank>mmhlank
reset wilag
)



allocate memory for all the letiers in the bine
store the letters 1n the letter array

= nusTve otam® Sharackers- 00 me ThesaienE 1 Lind T 10y o oy mamcess e, ==h

varving widths-ant Heights-. -

3.4.3:Centering And Size Normalization

The individual characters obtamned ' are :of nop-umform size and are not
centrally aligned The size normalization is performed simultaneously with centering
the letter on to & binary matrix. The Centening 15 done in two stages :In the first stage,
the letter is aligned vertically 1 e, with réspect to the central honzontal axis and -th!e:
height 1s made unuform The average height of all the letters is taken as the standard|
height This is done by the function VAlign( ).

The VAlign( ). function first computes the height of the actual letter by
ignonng all the honzontal rows with!zero black pixels' This letter 1s then centrally
placed in a matnix whose herght 15 equal 1o the standard height and whose width 3
equal to the width of the actual letter Thus we obtain letters of equal heights -and
varympg widths

To make the width of the letters unuforn, the letters are stored centrally 0 a
matrix of standard size This 1s . done by the function HAliga( ). The mainx on to
which the letters are cemtered 1s catled the Isolated Character Matnx ot ICM  1f the
width of the letter 1s more than the width of ICM, the letter 15 truncated equally on
hoth sides, if the width of a letter 15 less than that of the JICM, the leuer 1s padded
equally on both sides with columns of white prxels
The functions VAlign( ) and HAlign{ ) are descnbed in the following pages




Function VAhen( ):
For all the letters 1n page

{
find the beginning scanhne of the letter

find the ending scanhine of the letter
Jetterht = letbgn-letend
store the letter vertically centered in a matrix of umform height

Function HAIs .

For all the letters 1n page

{
1f width of letter > standard wadth

truncate the Jetter equally on both the sides
if width of letter < standard wadth

pad the letter uniformly on both the sides
store the letter centrally in the ICM

After processing the letters through HAlgn{ ) and Valign{ ). we obtain letiers

that are centered and are of umiform size



3.4.4 Details Of Preprocessed Information

The document mnformation obtamned from preprocessing s stored 1n a structure
variable called PI of type Pagelnfo The structure Pagelnfo is declared as
struct PagelInfol{

int Width;

int Height;

ant NoQOfLines;

int* NoOfWordsInlLine;
ing** NoOfLettersInWord;
int NoQflLettersInPage,
matrx* Letter,

.

where
Width 1s the wadth of the page image i1n pixels

Height 1s the height of the page image in pixels

NoOfLines 1s the number of hnes of text 1n the page

NoQfWordsinLine 1s an integer array that comans the aumber of words 1n tach hioe
of the page

NoQfLettersinWord is a two~-dimensionsl array that contaras the numbes of letters in
each word for all the lipes m the page

NoQOfLettersinPage is the total number of letiers in the prir

Letter 1s an array of matnces m which each mamx contairs the ICNM for a single letter
in the page

Memory is allocated appropriately to each of these Vanables and the relevant
1nformanon 1s stared 1o them. The wfarmation 1n this Structure 1s used for all the
further processing



3.5 Experimentation

Earlier work to solve the problem of character recogihion involved conventional
PR techmques like primitive/feature extraction code generation of primistives and
template matching Such algorthmic methods are Not tmmupe to nowse in the
character image Also, if characters are pot propetly thinned, the recognition
mechamsm fails to perform with full efficiency A Neural Network approach to the
prohlem could overcome these drawbacks owing to the robustness of artificial Neural
Networks to noise and distortion

Several experiments have been camed out using several strategies and the
strategy that gave satisfactory recognihon was adopted Details of the experiments

conducted are given below

3 5.1 Feeding The Complete 1ICM

Imually the ICM was fed as a whole to the Neural Network Due to
Limitations 1n the capacity of the Neural Network, the ICM was scaled and the bits of
the ICM were as a single stiing The ICM was scaled such that the length of the sinng
formed by concatenating the consecutive rows 15 less than the capacity of the Neursl
Network The scaling algonthm used inftially 15 grven as follows

The Neural Network dimensions are fixed 10 a size of 8 rows by 6 columns
(1e, 48 neurons) A simple scaling transformauon s used 0 reduce the wsolated
character dimensions 1o the standard dimensions The ICM 13 dwvaded mio scale
windows (SW) whose dimeasions are same as that of the standard dimensions Now,
all or any one of the scaled windows can be presereed to the Neural Network The
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number of scaled windows of dimension 8x6 that can be obtained from an ICM of
dimension hx w 1s
int (( hx w)/ 48)

A pixel from an ICM 15 mapped on to the #th scale window if the remainder of
pixel position in ICM divided by number of windows is ¢, 1 €., pixel x 1s mapped onto
scaled window 7 if (position of x in ICM) mod (pumber of windows) 1s equal to 4,

where operation x mod y gives the remainder of x divided by y

In such a transformation, it 1s found that with dimension reduction there 15
multiplication in the number of characters generated when the starting pixel in the
ICM 1s different And these extra characters may be input for testing. sometimes the
skeleton of the character is obtained with this transformation

It has been observed that with this scaling algonthmn_ the noise and distorhion
in the letters has increased and hence the recognution rate was very low Therefore
another algorithm was used for scaling. With this algonithm the ICMs had a better
recognition rate since the noise and distortion was reduced This afgonithm 1s as
follows

Column rat1o is the ratio of number of columns 1n the ICM and the number of
columns 1n the standard ICM Row ratio 15 the ratio of number of rows 1n the ICM
and the number of rows in the standard ICM Imntially, the ICM 1s divided into
column ratio number of scaled windows the wadth of which is that of standard ICM
and the height of which is same as that of the actual Icm All the rows of the ICM are
then mapped onto these scaled windows The mapping 1s done such that the rows
beginning at the rth column are mapped to the rth scale window.

Now, each of the scale windows 1s further divided into row ratio number of
scale windows, the width and height of which are that of the standard dimensions 1 e,
the scale windows have a width of 6 and a height of 8 All the columns of ICM are
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the mapped onto these scale windows The mapping 1s done such that the columnas
beganning at the rth row are mapped onto the ith scale window

The noise and distortion of the letters was reduced as compared to the letters
obtained by using the first scaling algorithm But the recognition rate was not
satisfactory and the nme for the recogmtion was very high Since the time taken for
recognition increases exponentially with increase in thew length of input patterns, it 1s
impracticable to feed the whole ICM to the Neural Network Thus other strategies
were experimented with, wheremn the Neural Network was fed width column or rows

of mdividual characters thus greatly reducing the tume taken for recognition

3.5.2 Hashing For Size Normalization

The ICMs of all the letters from a docoment do not have a uniform width and
height. In order to make the height of the 1CMs uniform, the average line height was
calculated and all the Jines were reduced to the average height This was done by
supenmposing the first two rows in the line matrx for lines of height greater than
average height Generally, the line height vanation 1s one or two rows Since the line
height 1s made uniform, the letters extracted from the lines will be of uniform height
The letter width 1s made uruform by using a hashung function. Three different hashuing
functions were experimented with The hashing functions used are briefly described

below

1 Each honzontal row of bits 1n the ICM, which 15 2 binary stnng, is converted to a
decamal number To get a binary string of length eight, the decimal number was
divided by (2%1), the remainder of which 1s converted back to a binary string A}
the rows of the ICM are hashed to rows of uniform length eight and thus the

letters obtained are of uniform width and uniform height
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2 Another method, which exaggerates vanability throughout the stnng of digits
compnising the key, is called radix transformation Bnefly, each digit of the key is
evaluated as if with respect 1o the base (base+1), 1e, a base one higher than the
normal base It 1s then reinterpreted with respect to the onginal base We have
been expressing our rows of binary strings from ICM as integers to the base ten,
we evaluate the number as if the digits were in a base eleven number system
After the radix transformation, extraction was used to ensure that the number
would be of standard length The last eight digits in each row of the ICM are
extracted Thus all the letters obtained are of uniform width and uniform height

3. In the third method the last eight digits 1 each row of the ICM are extracted

Thus all the letters obtained are of uniform width and uniform height

The letters, after being hashed to a umform width are fed to the Neural
Network column-wise and row-wise Several experiments were conducted with

varying widths from 5 to 30 hits And most satisfactory results were obtained with a
width of eight

3.5.3 Superimposition Techniques
Supenimposing is another technique that has been used to make the size of
ICMs uniform Supenmposing avowds the loss of information when the size 1s
reduced It can also be used to reduce the effect of shufling of letters if they are not
centrally located within the ICM The Supenmposing of columns was done, to make
ruG e e ieem Tee lwsoblotioomman ﬂi‘ﬁ&@'ﬁf?ﬁf&ﬁﬁiﬂ%&mrﬁ SFa g
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In the first technique the letter 1s centrally arranged with respect to the central
vertical axis Those columns of the letter which fall outside the ICM are
superimposed with one another All the columns on the left of the letter are
superimposed with one another to get the first column of the ICM and the columns to
the nght of the letter are superimposed to get the last column

In the second techmuque, which tries to minimize the effects of shifting, each
column 1s superimposed on the following column This accounts for any shifting of
the character matnix side-ways The columns obtained after superimposition are fed to
the Neural Network

3 6 Recognition
A techmque that gave more satisfactory results than the above menuoned
methods was finally implemented for the recognition mechamism The following

sections describe the procedure used for this techmque

3.6.1 Preparation Of Data

The Neural Network recognizes binary bit patterns Both the exemplars 1 ¢,
the standard patterns and the test patterns are to be presented as stnings of zeroes and
ones The Neural Network takes a file name (fname) as argument The exemplars are
presented 1in a file with name fname with  bi extension The test patterns are
presented 1n a file of same name with .mod extension The patterns are to be
separated with newline characters The Neural Network outputs the recogmzed
patterns n file with the same name as fname with res extension The strning mumber
of recognized patterns is stored 1n a matrix called reco

If the ICM 1s presented as a whole 1o the Neural Network, The length of the
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pattern will be equal to width times the height of the matrix As explained above, the
capacity of the Neural Network is restricted to 50 bits per string Hence the ICM has
to be scaled to a size that gives a length of string less than this size Also, the time
take for recognition increases exponentially with the length of the pattern The
amount of recognition time for this approach makes it impracticable Moreover, the
scaling of the letter introduces distortion and mught increase noise in the character
image This reduces the possibility of correct recogmition

In view of all the above factors, the ICM 1s fed to the Neural Network
column-wise Thus the first column of the ICM of the test letter 1s compared with first
columns of all the standard letters Simuilarly all the other columns of the test patterns
are compared with the corresponding columns of the standard patterns Since the first
columns of some standard letters may be same, the same pattern mught appear as the
exemplar more than once This 1s redundant So only the distinct columns are selected
and presentied as exemplars Each of these exemplars then represents one or more of
the standard letters The information about the letters represented by each of these
exemplars is stored in an array called info

So to prepare the data for recognition 1t 18 required to first write individual
columns of both standard and test letters into separate files Further the standard
patterns have to be processed further to get only the distinct stnings

The Neural Network is then called for each column and the corresponding
files for the test and the standard patterns are fed to it as the wnput The Neural
Network outputs the result 1n a matrix called reco. reco 18 a two dimensional array
the first dimension of which represents the letter number and the second, the column
of that letter An element (1 , 7) of the rece matnx contains the stnng number of the
nearest match for the jth column of the sth letter in the document

The information stored 1n reco is used to dentify the best-matched letter Two
functions StoreInFiles( ) and GetDistinct{ ) are used 1o prepare the data for the
Neural Network These functions are briefly described below
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Function StoreInFiles( )

This function takes the ICMs that are centered and are of uniform size For

each column of the letters, a file with .mod extension 1s opened and the corresponding

column of all the letters is written into the file For example, the first columns of all

the letters are wntten into a file called festl).mod and so on So the number of files 15

equal to the number of columns in the ICM and number of patterns in each file 1s

equal to the number of letters in the page The function 1s as follows

for each column

{
for each Jetter 1n page
{
read the bits of the column
write them n corresponding mod file
}

Function GetDistinct( )
(5450 18 0584 iopropars the sianbard datdy £, the exenmlays: ot the
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le23vatil thé-same mame-and: *orr-extension. The-1€ft€rs represented: by u |

yred a3 matnx called anfo
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This function 15 explained below

for each file of standard patterns

{
read all the patterns into an array
for each pattern in the array
{
if the pattern has not been written atready
wrte the pattern into the coresponding bt file
write the information into the info matnix
}
i

3.6.2 Presentation Of Test Patterns For Recognition

Preprocessed test patterns that are obtammed by the above descnbed methods
are now presented to the Neural Network Since the character pattemns are presented
column-wise, the Neural Network 1s called once for each column of the ICM The
Neural Network, as described above, outputs the string number of the nearest match
in reco array Thus, we get a set of potennially matching letters for each column for

all the letters

3.6.3 Ident:ifying The Best Match
From the set of all possible matches, the letter that 1s the best match for a
given character has to be identified This process needs the information stored in reco

and info matrices



For each letter of the document the reco matrix contains the stnng number of
the best-matching exemplar for each column of the ICM This string number 15 used
to index into the info matrix to find out all the standard letters that are represented by
the exemplar corresponding to that string number Thus we obtain all the potential
matches for a letter The letter that occurs maximum number of tumes in this set of
potential matches is the nearest match for the letter

In order to find the best match, 2 count 1s mamtamed for each of the standard
letters and the count is incremented by one, for each occurrence of the standard letter
1n the set of potential matches The standard letter with the maximum count 1s the best
match and is stored as the recogmzed letter In some cases, there is more than one
letter, which has the same maximum count Then all these letters are stored in a

matnx called result

3 6.4 Categorizing the Recognized Letters

The recogmzed letters are classified into three groups based on the way 1o
which the Neural Network recognizes them This 1s done to facilitate the analysis of
the performance of the system A function called graup( ) s used for this purpose
Thus function 18 described below

Function Group( }

This function categorizes the letters into four groups The first group contains
letters, which are uniquely, and correctly recognized 1 e, the Neural Network outputs
a single recogmzed letter The second group contains letters for which the Neural
Network outputs several recogmzed letters out of which one 1s correct The thurd
group contamns incorrectly and umquely recogmzed letters The fourth group confains

letters for which the Neural Network outputs several recogmzed letters, all of which
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are incorrect An array containing the characters (text) from page 1s used to compare
the recogmzed letters output by Neural Network to determine whether the letters are
correctly recognized The percentage of correctly recognized letters 1s also calculated
All the above information 15 stored 1n a file res dar This information is used during

testing to evaluate the performance of the Neural Network

3.6.5 Forming The Document

The recognized letters from the result matnx are grouped mnto hines and words
A function named Assemble{ ) 1s used for this purpose The information about the
number of lines in the page, the number of words in each line and the number of
letters 1n each of these words 18 stored 1in a structure Pagelnfo as described earlier
The function Assemble( ) makes use of this mformation to assemble the recogmzed

letters inta a document. This document is output as a text file



Chapter 4
TESTING AND RESULTS

41 Testing

The system was tested with scanned images of vanous documents Documents
with different fonts and character sizes were used The standard letters of all these
fonts are also printed and scanned These standard letters are used as the reference set
of letters for that font The results presented here are for the font Arial with a
character size of 12

The pages are scanned using HP Deskjet 4c scanner with a resolution of 75
dpi The scanned images are stored as .bmp files The document containing the
standard letters of the font 15 processed first to get the reference data This 1s then
used to compare and recognize the document containing the characters of that font
For testing, the documents contaiming a only a single case (upper or lower case)
alphabet have been considered to make the expernimentation simpler All the three
methods 1n chapter 3 have been used to test the data The results indicate that the thurd
method gave best results for both upper case and lower case letters The characters
are divided into groups depending on how they are recognized This grouping shows
that the ambiguity within recognized letters was shghtly lesser when the hashing was
used for size normalization

The performance of hashing and supenmposition techmques was relatively
poorer 1n case of lower case letters The third techrique used gave consistent resufts

for both upper and lower case letters
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4.2 Results

The results of evaluation tests are presented in the followng pages The
bitmap image of the document used 1n testing 1s presented along wath the document as
recogmzed by the present OCR system

The recogmtion percentage with vanous techniques 15 also shown 1n the form
of graph The table below the graph shows the performance analysis of the techniques

used The experiments conducted are briefly described below

Expennment 1 .

In this experiment hashing was used to make the width of the letters uniform The
hash function (Hash function-1) used was described m chapter 3

Experunent 2

This method makes use of the superimposition techmques as described in chapter 3
Experiment 3 |

This method was finally adopted for the recogmition mechamsm of the present
system In thus method ICM has been fed column-wise to the network The method 15

descnibed 1n chapter 3

Groups:

Group [ The first group contains letters, which are umiquely, and correcily
recogmzed 1 e , the Neural Network outputs a single recogmzed letter

Group 2 The second group contains letters for which the Neural Network outputs
several recogmzed letters out of which one 1s correct

Group 3 The third group contains incorrectly and uniquely recogruzed letters

Group 4 The fourth group contains letters for which the Neural Network outputs

several recogmzed letters, all of which are incorrect
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AT THE TIME WHEN | 5TOOD IN THE CHURCGHYARD READING
THE FAMILY TOMBSTONES | HAD JUST ENOUGH LEARNING
TO BE ABLE TO SPELL THEM OQUT MY CONSTRUCTION EVEN
OF THEIR SIMPLE MEANING WAS NOT VERY CORRECT FOR
READ WIFE OF THE ABOVE AS A COMPLIMENTARY
REFERENCE TO MY FATHERS EXALTATION TO A BETTER
WORLD AND IF ANY ONE OF MY DECEASED RELATIONS HAD
BEEN REFERRED TO AS BELOW | HAVE NO DOUBT |

SHOULD HAVE FORMED WORST OPINIONS QF THAT
MEMBER OF THE FAMILY NEITHER WERE MY NOTIONS OF
THEOLOQGICAL POSITIONS TO WHICH MY CATECHISM
BEQUND ME AT ALL ACCURATE FOR | HAVE A LIVELY
REMEMBRANCE THAT t SUPPOSED MY DECLARATION THAT !
WAS TO WALK IN THE SAME ALL THE DAYS OF MY LIFE LAID
ME UNDER AN OBLIGATION ALWAYS TO GD THROUGH THE
VILLAGE FROM OUR HOUSE IN ONE PARTICULAR
DIRECTION AND NEVER TO VARY IT 8Y TURNING ROWN BY
THE WHEEL WRIGHTS OR UP BY THE MILL

Capl



AT THR TIMI

WHEBK b § pPTQCOD I THB QHLRBRQOHYARQ
REAADING
THDB FAMILY TOMBRTOFBD I HAD TJUBF ENGUCH
LSATRKILE
FO J B AJLS TO FFBRLL TKSM DpuT - d
QUKBTRLQTIQK BVEMN
QF THEIR BITMPLB MBABINO wWAR NQOT LERY CDEFRECT
FOR I
FEAE W1liFE OF THE AECVE AS B COMPIIMEKTARY
REFBRBMQOB TO MY FWTHBRDE BAALTATIQXK TO -4
BBTTBR
WOoRLO AN IF ABNY ONE OF MW CBROBABBD
RELATIGNE HAD
BEEYPY RLFERFED FO AF SKLCHAR I YAVE XO QDLEST
I
FYOLILOQ MAMB FORMEBD WD.JET QOPIKIOND o THAT
MBMEBEDR QF THE FAMIIN MBITHER WBRB MY NQITIGNE
GE
THEDLDGIOAT, POSTTIGNS TS WHIOH M DAFECIIFM
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UND OF HER ITRON SHOES UFON THE HARD ROAD
ITE MUSICAL AS SHE CAME ALONG AT A MUCH
BRISKER TROT THAN USUAL WE GOT A CHAIR CQUT READY
FOR MRS JOES ALIGHTING AND STIRRED UP THE FIRE THAT
THEY MIGHY SEE A BRIGHT WINDOW AND TOOK A FINAL
SURVEY OF THE KITCHEN THAT NOTHING MIGHT BE OUT OCF
PLACE WHEN WE HADO COMPLETED THESE PREPARATIONS
THEY DROVE UF WRAPPED TGO THE EYES MRS JOE waAaS
SOON LANDED AND UNCLE PUMBLECHOOK WAS SOON
DOWN TO COVERING THE MARE WITH A CLOTH



THB ROIT.K QF HBR IRON

SEHOEB N

R UVFD TKB KARQ
FON: QUITE MUSTICAL AT FKB OWMB ALONO AT A
MCCH

SRIEKESR TROT T HAN DRUAT, wWB GQT A OHATR OoTI.T
RBAQY

FOR MRB JOEB ALIGHTING AINQ FTIRRBD uap THB
FIRE THAT

THEY MIGIT FBS A SRIGHT WIBDCWANO TOOX A
FINXL

BURVBN QF THB KITQOHBN THAF NGTITING MIGKT BB
QUT OF

PLAQB WHBN wB HAD COMPJIEFILIQ THSFEFB
PRSEFARATIOMEB

THEY QJOVE up WRAPRBO =0 THB BYBS MRB JGEE
WAE

EQOOCM LANDBQ ANQO UMQLEBE PUMELECHGGKWATF BOON
DDWN TG OGVSESRIKG THKS MARB WITH oy QLOTH
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THE BOOK IS ARFART FROM ALL THE OTHER DICKENS
NOVELS IN THAT IT HAS A THCME WHICH PREVENTS IT
FROM BEING FICARESQUE LIKE NICHOLAS NICKLEBY AND
FORDBIDS IT TO HAVE ANY SUCH EPISODE AS MARTIN
CHUZZLEWIT HAD OR TO HAVE WO OTHER UNITY THAN
THAT OF ITSE CENTRAL CHARACTER LIKE DAVID
COPPERFIELD THE THEME IS PIPS DISCOMTENT WITH HIS
ACTUAL BENEFACTORS FIRST WITH JOE LATER WITH
PROVIS HIS INNOCENT MISATTRIBUTION OF HIE FORTUNE
TO MISESE HAVISHAM HI1S SUPPOSITION THAT SHE MUST
INTEND ESTELLA FOR HIM BUT THIS THEME CARRIED QUT
BY DESICGHN FIPSE DISCONTENT HIS UNWILLING INJUSTICE
TO JOE IS CONFRONTED WITH WEMMICKS PERFECT

SERVICE OF HIS AGED PARENT

Cap 3



THES JO0K Is AFART FRQOM AL
DICKXEKE < © THE

NQVEBILS IN THAT IT HABR A
PREVBKTS Ir

FRGM EE1PG FIOARBEQLEB LIKXEBE NIQHDLAB
AND

FORBIKREB IT TO HAMEB P SUQOR EPISDDE XE
MARTIK

OQHUZZLBWIT HAD OR TO HAVE KO OTKERBR LNITY
THAN

TEAT OR ITRE OBNTERAIL OHARADTER, LIXE DALTD
QOKKBERRIBLQ THB THBMB IB FIPS EIBDONFEPRPT WITK
KIS

ACTUAIL BENSFACTDJE FIRBT WITH JOR IATER WITH
FRODVIS HIS ITMYQOBNT MIBATTRIBUTION QF HIS
FGEFTUMB

TO MISS HAVIBHAYV HIEBE EUPPCEFITIDN THAT EHB
MUST

INFEKQ SETBRBJILA FOR KIM BLTTHIB THBADR CARRIESR
oCcT

BY OBERBRIQOM PIPS BIBOONTENT HIB CNATLIIKG
IKJLETIOQOE

™0 JOE Is CONFROEFFED WITY WBMMIDKSB PBRREBQOT
BERVIQOS QF HIE AEBK RARBNT

QTHER
THEME WHIOH

BIQXLBRY
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THE PERIOD
IT WAS THE BEST OF TIMES IT WAS THE WwORST OF TIMES
IT WAS THE AGE OF WISDOM IT WAS THE AGE OF
FOOLISHNESS IT WAS THE EPOCH OF BELIEF IT VWAS THE
EPOCH OF INCREDULITY IT WAS THE SEASCN OF LIGHT IT
WAS THE SEASON OF DARKNESS IT OF THE SPRING OF
HOPE IT WAS THE WINTER OF DESPAIR WE HAD
EVERYTHING BEFORE US WE HAD NOTHING BEFORE WS WE
WERE ALL GOING DIRECT TO HEAVEN WE WERE ALL GOING
ORECT THE OTHER WAY [N SHORT THE PERIOD WAS SO
FAR LIKE THE PRESENT PERIOD THAT SOME OF ITS
NOQISIEST AUTHORITIES INSISTED ON ITS BEING RECEIVED
FOR GOOD OR FOR EVIL IN THE SUPERLATIVE DEGREE OF

COMPARISON ONLY
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THR FRRTIQK

IT wnFE THS UBET DF TIMEF IT wAD THE AORED
OF TIMSE

T wWAS THB AGS DF WIFLDOM IT WAF THKS AGHE
QF

FOQLIT BHNESS T WAB THE BEPEQOH OF BBLIEBF IT
whaB THE

EPODY or INCREDCJIJITY IT wAR THE SBEABQN GCF
1LIGHFE T

wAB THB BEBABQON QF KARKNEBD iT R TKB BPRTKE
Lo)

HQOPE T WAS THB WINTEBR QF KBBPFATIR wWE HAO
BVBRYTKIKG BBFORDB uF WS HAQ EOFYIKG EEFORS
uUE ws

WERB AT.L OQINQ QIRBQT To HBAVEBN wWEB WBRDB AT 1.
BOQIBE

DIRSOT FHE CQFHER ALY IN BHDFEFT THE PEEFIDD
ANE EG

RAR LI KB THE PRBFBBT PSRIOQ TRKAT EGMB OF
ITE

NOIBIEST AUTHDRITIES IMBTSTED oN ITEB BBING
RBDBTMEQ

FOR GODK DR FOR SVIJ IK THBR FUFEFLATIVE
DECFKE OoF

CQOMEARI SON QNLY
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A TALE OF TWO CITIES HOLDS WHMAT 1S IN SOME RESFECTS
A UNIQUE PLACE AMONG THE WORKS OF CHARLES
CICKENS FIRSTLY IT IS CONSIDERABLY SHORTER THAN
THE MAJORITY OF HIS GREATER NOVELS SECONDLY ITS
PLOT IS BEYOND COMPARISON BETTER CONSTRUCTED
MORE ELABORATE AND OF MORE SUSTAINED INTEREST
THAN THAT OF ANY OF HIS OTHER BQOKS AND THIRDLY I'T
1S THE ONE WORK IN THE WHOLE SERIES THAT FUILLY
MERITS THE TITLE OF A HISTOGRICAL NOWEL IN THIiS LAST
RESPECT IT HAS ONE APPARENT RIVAL BUT THE RIVALRY
IS MORE THAN APPARENT THE COMPETING CLAIMS OF
BARNABY RUDGE WILL NOT BREAR CLOSE EXAMINATION

Cap S



A TALB QF TWQ CITIES HOLOQF WHAT IB 1IN SOME FESFSCTS
A LRIDLEP PLAQB AMONG THBR ACRKS OF CKARLBB

QIDKBKE FIRBTLY IT IB QGNBIDLHFSLY SHORTBR THAN

THB MAJORIFY DF HIF GRBATBR NQMBLS SECOKULN ITS

PIGF IF J3YONQ QOMKARIBON BETTEF CONFTRLOTBED

MQRB BLABQRATB ANE GF MORB SUBTAIEBBD IMTEREST

THAN THAT OF ANN OF KIE QTHBR BQQKS AND THIJKLY IT
IE TKE ©OMB WORK IM THB WHOLE BBRIBE THAT FULLY
MBRITB THB TITFE OF A BIETQRIOAL NQOMBL IN THIRBR LADT
REFFSCT IT HAS QNB APPARBNT FILAJ SLT THE RIVALERY

IB MORB THAN APPARENF THE DDMPETINQ QLAIMS GF

BAFPASN RUQGB WILL NQOQT BEAR QLOBE EAAMINATION
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CHEERFULNESS

CHEERFULNESS IS WHEN THE BROW OF THE HILL SEEMS CLOSE WHEN
YOU ARE TAKING THE LAST FEW STEPS FORWARD IT 1S WHEN YOU
HAVE PASSED THROUGH SO MUCH AND THERE IS A UTTLE TO GO AND
THAT LITYLE IS EASY BECAUSE YOU WOULD ONLY LOSE IF YOU TURN
BACK CHEER IWWLIANCE OF

= o
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OHBRBRFULNBRDI BWHBNYHBBRQAQFTHR HILLSBBMSQLDBBEBWHEP
FDUAREFAXINOTTELABDFBWFTBPFFORWARQITIFWKBKYQU

KAVE FHSBBQTHRQUQHBQMUQHANDTHBRBIBALITTLBTQGQANB
THATLITTLB IBBASYBBGACSEYGUWOUJDONJYFDERE
IFNDLTUJN
EADKCHEEFFULNLEFISTIBJRILLIAKOBOFSBIHGFRSBSABNQF
HWLIMGTQOHQOSEBBQAUSE BVBRYTHINQNDU HAVBDONEUPTC
THISPGINTHASALREABNDI CTXTEEFHEFUFUFECUKSRFLLKBEF
MAKBSBVBRYQNBLOVBYQUBBOAUBBTHBYDAB SBBSBYDQUR
VIQTOQRYAHEADBUTITIBNQTAODLBLIQTORY
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VIRTUE

VIRTUE IS THE BEAUTY OF A PERSON IT 1S WHAT MAKES
THEM LOVELY AND UNUSUAL IT (S THE WAY THEY DO
THINGS THE WAY THEY MOVE SPEAK AND DRESS THEY
MAY HAVE NO MONEY BUT IF A PERSON HAS VIRTUE THEY

WILL ALWAYS SEEM RICH FOR EVERYTHING THAT 1S CLOSE
TO THEM WILL BE FILLED WITH QUALITY

Cap?



VIHTCPSA

VIRTUE Is THB BEWUTY QF w PBRBOM 1T Is
WHAT MAMEDR

THSM LDVSLY AKQ LKLEUAL T
Do

THINFS THB WAYTHBY MQOVE SPBAK ANO OREBR THEY
MAY HALE NQ MDNEN BUT IF A

IE TKS wWAY TKBY

FERBCON HAS
LIRTUE THLY
WI1LIL ALAAYS SEEM RICH FOR FVEFYTHIND TeAT Is
CL.GBS

T THBM WILL BEB FILLBK WITH CUAT,ITNN
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A WINNERS CREED

IF YOU THINK YOU ARE BEATEN YOU ARE
IF YOU THINK YOU DARE NOT YOU DONT
IF YOU WOULD LIKE TO WIN BUT THINK YOU CANT
TS ALMOST CERTAIN YOU WONT
IF YOU THINK YOU WILL LOSE YOU ARE LOST
FOR OUT IN THE WORLD WE FIND
SUCCESS BEGINS WITH APERSDONS FAITH
ITS ALL IN THE STATE OF MIND
LIFES BATTLES DON'T ALWAYS GO TO THE STRCNGER OR FASTER
HAND
THEY GO TO THE ONE WHO TRUSTS IN GOD
AND ALWAYS THINKS | CAN

Cap8



A WINNERS CREED

IF YOU THINK YOU ARE BEATEN YOU ARE

IF ¥YOU THINK YOU DARE NOT YOU DONT

IF YOoU WOULD LIKE TO WIN BUT THINK YOU CANT
1T IS AIMOST CERTAIN YOU WONT

IF YOU THINK YOU WILL LOSE YOU ARE LOST

FOR OUT IN THE WORLD WE FIND

SUCCESS BEGINS WITH A PERSONS FAITH

ITS ALL INWN THE STATE OF MIND

LIFES BATTLES DON'T ALWAYS GO TO THE STROHNGER OR
FASTER HAND

THEY GO TCO THE ONE WHO TRUSTS 1IN GOD

AND ATWAYS THINKS I CAN
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JUST FOR TODAY
1 WILL LIVE THROUGH THE NEXT TWELVE HOURS AND TRY
NOT TO TACKLE ALL OF LIFES PROBLEMS AT ONCE
I WilL IMPROVE MY MIND | WILL LEARN SOMETHING
USEFUL | WILL LEARN SOMETHING THAT REQUIRES EFFORT
THOUGHT AND CONCENTRATION
1 WILL BE AGREEABLE 1 WILL LOOK MY BEST SPEAK IN A
vweElLt MODULATED VOICE BE COQURTEOUS AND
CONSIDERATE
1 WILL NOT FIND FAULT WITH FRIEND RELATIVE OR
COLLEAGUE | WILL NDT TRY TQ CHANGE OR IMPROVE
ANYONE BUT MYSELF
f WiLL RAVE A PROGRAM | MIGHT NDT FOLLOW IT EXACTLY
BUT I WILL HAVE IT I WILL SAVE MY SELF FROM TWO
ENEMIES HURRY ANDO INDECISION
ILWILL DO A GOOD TURN ANMD KEEP IT A SECRET 1F ANYONE
FINDS OUT IT WONT COURNT
PWILL DD TWO THINGS | DONT WANT TO DO JUST FOR THE
EXERCISE
| WILL BELIEVE IN MYSELF I WILL GIVE MY BEST TO THE
WORLD AND FEEL CONFIDENT THAT THE WORLO WILL GIVE
ITS BEST TO ME

Cap 9
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1 wWilLI. LTMR THRGUGH TKB NBXT
AND TJY

KQ'T TQ TACXLE AlLL oY LIFBS PROEL.SME WT QNCEHB
1 ATLJ IMPROMB MF MIFD I WILL LBARNM
EGMLTEKINS

TAB.TML, KDURRB

LERFUL I WIIll. JEAITK FOMBTHING TRHAT RBQUIREE
BFFDRT

THOCGHE DO QONOBNTRATIGK

I WILJ SB AERBBABLE I WIJL LOQA MY BBST
SFSAA In A

WBLL MOBULATEQ VDIQB BB
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I ATJTL NQT EINQ FAULT ATTH FRIBND
QR
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AMYQPE. ST MINBBLFEF

I ATITT KAVEB A FRDGRAM I MIEHNT BOT

QOURTEGUYE ANK

RBLADIVS

FDIL.I.OW
i7T BAAQDTLN
BUT I WILL HANVS IT I WILL SAVDB VYSSLFE FROM
TWD
BNBVIEE HURRY AN INBECIBIOK
I WILL O A OGOD TURN ANQ KBEBP IT A

FBCRBT I1IF ANYDKS
FIMDS DLT IT WONT OQUMMT

I WIILT1, o0 TWQ THIKGE X DONTWANT T

uc JI.BT
FOR THE

BABROIBEB

I WIJL BELTIEBLE IBe MYSBJF I WI1LL EIVEHR MY
BB3T TO THEB

WGRLO ANO FBBI1. CCUFIKSNT THAT THE WERILK wWII.L
GIVE

ITB BBET TD MB
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the sound of her iron shoes upon the hard road was quile
musical as she came along at @ much brisker iro! than usual we
got a chair oul ready for mrs joes alighting 8nd stirred up the
fire that they might see a bright window and look a tinal survey
of the kitchen that nathing might be out of place when we had
campleted these preparations they drove up wrapped {o the
cyes mrs joe was soon landed and uncle pumblechook was
soon down to covering the mare with a clath

Small 2
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the book is mpart from all the other dickens novels in thal it
has » theme which prevents it from being picaresque like
nicholas nickleby and forbids it to have any such spisode as
martin chuzziewit had or to have no other unity than that of ts
coentral character |like david capperfieid the theme is pips
discontent with his actual paenefactors first with joe later with
provis his innocaent mMmasattitribution af his fartune 1o mMmiss
havisham his sEupposition that she must intend estella for him
bul this theme carried gut by design pips discaontent his
unwilling injuslice to joe is confranted with wemmicks perfect
service of his sged parent
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the periad
it wat the best of hmes It was the worsl of times {l was the age
of wisdom It was the age of foolishness it was the epach ot
pehat 1t was the epoch st incredulity il was the season of light
it was tha segson of darknass it of the spring of hope it was (he
winter of despair we had everylhing before us we hed nothing
before ut we were 8l going direct to heayven we wara all going
direci the other way in shorf the period was sa far tike the
presenl period that some of its noisiest authorities insistsd en

s beng received for gaod or for evil in the superialive degree
of comparison only
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® tele of twa cities holds what is sn SOMES respects & unique
place among the worke o! charles dickans tirstly v ais
consicderably athorlier than the majorily of his greater novels
secondly its plot 13 beyond comparison betisr constructed more
elavorate and of more susteined interest 1than that of any of his
other books and thirdly it fe the ong wark 1n the whole series
thatl fully merile the title of a historical novel 1n thix last
respect il has one apparent rival bul the rivalry is more than

apparent the compeling claims of barmaby rudae will not bear
close examination
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Chapter 5
CONCLUSIONS AND SCOPE FOR FUTURE WORK

5.1 Conclusions

Vast archives of information, hand-wntten and machine printed on paper,
have accumulated over centuries Advances in computer and commumcation
technologies now offer drastically 1mproved ways to slore, retneve and distnbute
their contents Billions of paper documents wait to be made accessible via electronic
media

Document Image Understanding and retneval research seeks to discover
methods for automatically exiracting and orgamzing mnformation from hand-wntten
and machine printed paper documents contaiming text, line drawings, maps, music
scores etc Its charactenstic problems include some of the earliest attempted by
computer vision pioneers Close and productive ties between the academic and
commercial communities have long distinguished the field

Today, document analysis research supports a wable industry which,
stimulated by the growing demand for dignal archives, the proliferation of
mexpensive personal document scanners, and the ubiquity of faxes, is poised for raptd
growth But the performance of these technologies sl lags far behind human
abilihes Many techmucal problems, cntically imponant on both theontical and
practical grounds, remain open

The present work aims to address the problem of Optical Character
Recogmtion using an image-mapped approach A Neural Network using Muluple
Neural Network Architecture is used for recognition Several sirategies of presenting
the character image to the NN have been expenmented with, and the technique that
gave the most satisfactory results was adopted



An 1mage mapped approach was adopted to mmnimuze the effect of channel
noise and to eliminate the effects of inaccuracy in preprocessing This approach also
enables the system to be easily adaptable for recogmtion of characters not only of
other fonts, but also of other languages

The system endeavors to recognize characters based on a reference set of
letters, which are also to be fed as scanned images The system can be used to
recognize letters of any font or size, by changing the reference set accordingly

The Multi-layered Neural Network Associative Memory Model (MNNAM) 1s
flexible enough to be easily adopted to recogmze characters of any other language,
even if the number of characters 1n the set 15 large, by just modifymg the traimng
data.

This architecture may be used to recognize any pattern by sustable choice of
NN dimensions There 18 a need for. accurate thinming to recogmze characters if
conventional Pattern recognition techniques like feature extraction are used for
recogrutton If thinming 1naccurate, such methods may show inconsistent
performance But when using ANNs with image mapped recognition, preprocessing
condiions need not be stnngent This mav lead to a considerable saving in
computational time The tolerance of the recogniion scheme to noise makes the

system attractive in the presence of channe) noise



5.2 Scope For Future Work
The present system can be improved in two ways One mn terms of increasing

the accuracy (percentage of recogmtion) and the other in terms of extending the
functionality of the system

The percentage of recognition can be mmproved by incorporating a dictionary
i the system and checking for the spelling and deciding on the correct character in a
word

The functionality of the module can be extended easily to recognize letters of
other languages Languages that have only isolated characters without vowel or
consonant modifiers can be directly recogmzed by the existing system This can be
extended for Indian languages like Telugu and Onya by using different techniques for
getting the Tsolated Character Matrix for the characters in the reference set The

system can also be modified to recognize 1mages like company logos

A text and eranhics senaration module can also be added to the svstem to maket a

BTERE eempiet: doclimenn wadersiand dstysiem



Appendix

~ Weasdateslage TR b
hetnitie! dialop The user Interface.foi the system 1:.vcry simple anc easy to use T

* box-contems four buttons, the functions of which are explamet: below

Select Button
ed image of the User presses this button to select the bitmay file containing the scans
d bitmap file is document to be recognized When the button is pressed the select

opened, read and 15 displayed on the screen

Process button

‘progress of the When this button 1s pressed the selected page 1s preprocessed The
various processes is shown to the user using a progress control bar

Recognize button
1 When this s This button 15 10 be pressed to immiate the process of recogmitio
ssed 10 get the pressed, the neural network is called and the results are proce
- recogmzed text document
Exit button

This is to exit from the program

The user interface 15 shown n the following figure
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