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Abstract

There has been a significant amount of researplatitern recognition in different aspects
of handwriting based user interfaces includingrextéve design tools, ink beautification,
and handwritten character recognition. In this if)jese have focused on the recognition
of handwritten Hindi numerals that can be used ammon applications like type
checking, digital signatures, online document redogn and digital library. Challenges
in handwritten characters recognition lie in theriatdon and distortion of online
handwritten numerals since different people maydifferent style of handwriting, and
direction to draw the same shape of any numerals.

Handwritten Hindi numerals are imprecise in na@asdheir corners are not always sharp,
lines are not perfectly straight, and curves atenegessarily smooth, unlikely the printed
numerals. Furthermore, Hindi numerals can be drewifferent sizes and orientation
(the orientation of an arrow depends on its pogqtirection), in contrast to handwriting
which is often assumed to be written on a basefingn upright position. Therefore, a

robust online handwritten recognition system haasctmount for all of these factors.

In this thesis work, we are considering a sta@s$t@pproach to Online Handwritten
Character Recognition using Zernike moments. We wmi@g Zernike moments as
features in the reconstruction of Hindi numeralshwts invariance property. Zernike
moments have been used in the Optical CharactesgRémn and Image Recognition
applications with good results, but, this featuas Imot been explored for use in Online

Handwritten Character Recognition especially fonddinumerals recognition.
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Int. International

DPI Dots Per Inch
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Chapter 1

INTRODUCTION

The main objective of Handwriting Recognition iseirpretation of data which describes
handwritten drawing by user. On-line handwritingagnition deals with a data stream
which is coming from a transducer an electroniciaiwvtablet PC or PDA’s while the
user writes, and off-line handwriting recognitioeats with a data set which has been
obtained from a scanned handwritten document. Daéaf handwriting recognition is to
interpret the contents of the data and to generaescription of that interpretation in the
desired format. The primary mode of data input franuser to a computer is still
keyboard and many tasks still exist in the peopledtto prefer handwritten input over

keyboard entry, e.g., classroom notes producingtated hand sketches [3].

Several handheld devices are becoming essential gbaour life to learn varying
interfaces. These devices are too small to havesizéd keyboards, or may be too small
for any keyboard at all, requiring pen or voiceenfdices to enter data. So handwritten
input is more efficient in comparison to speechuingince it is insensitive to
environmental noise, which is an important advamtdgr many applications as

diagrammatical calculations, mathematical proof$ languages recognition.

From the past few researches, it has been dor@ve this problem in related areas such
as Image Processing, Pattern Recognition, Artificieelligence, Cognitive Science etc.
Problems are being encountered and solutions sethee broadly targeted to improve
accuracy and efficiency. Recognition of Online Haritten Hindi numerals are a goal of
many research efforts in the pattern recognitiagldfi The subproblem of numeral
recognition is also seen as important, not onlyabse of advances in it that are expected
to lead to advances in the general case, but asaulse of its immediate applicability to
a number of fields, the reading of online datatemnitby different Indian people those are

not much educated and they want to explore théirs&dls.



The challenges in handwritten digit recognitiorsarnot only from the different ways in
which a single numeral can be written, but alsonfibe varying requirements imposing
by the specific applications like online digitalpresentation of any data [11][15]. The
primary performance measures are classifying acguoa recognition efficiency of an
online handwritten recognition system for readingndid numerals from various
applications like any data written online consigtiHindi numerals may not be
appropriate for reading to those people who hawvemsgeen or have not learnt the Hindi

numerals [6].

099 3 44%6c-~&

Fig 1.1: Samples of online handwritten Hindi nuniechawn by different user

1.1 Definitions

Handwriting recognition is the ability of a compute receive intelligible handwritten
input. The image of the written text may be serfsdfline” from a piece of paper by
optical scanning or the movements of the pen tig beasensed “online” for example by
a pen based computer screen surface. HandwriticgdRéion systems is not complete
without exploring the Optical Character Recognit@@CR) systems. Optical Character
Recognition (OCR) is a problem recognized as basgld as the computer itself [7].
Now a days, researchers focus on online handwrittdraracter recognition.
Unfortunately, the success of OCR could not bei@adron to Intelligent Character
Recognition (ICR), due to the variations in peopleandwriting. As for the recognition
of isolated handwritten numerals, the online haiidsvr character recognition systems
include three major parts: Preprocessing Part,uredixtraction Part and Classification
Part. Feature Extraction deals with recognitionirgdut character using a statistical

approach, Zernike moment as feature vectors.

Statistical moments have a long history in compuigion since the original work of Hu
on moment invariants in the early 1960’s. They pagticularly popular due to their



efficient and compact description, their capabitiyselect differing levels of detail and
their known performance attributes. The abilityégonstruct an image from its moment
description is often exploring as justification ftreir application. Reconstruction of
image using statistical moment is not only recomugzhe character even if it computes

the accuracy of reconstruction of any charactef [12].

Moments of orthogonal polynomial basis were prodobg Teague [31]. They have
proven less sensitive to noise, are natively irardrto linear transformations and can be
effectively used for image reconstruction [5]. Tdhere always arises problems due to
computational complexity and it becomes a majoudss real-time implementation.
Moments of discrete orthogonal basis have beenggexp recently [32]. In this thesis
work, we are presenting an overview of the most rmomly used image moments,
Zernike moment as feature in the recognition ofr@nhandwritten Hindi numerals. We
are developing a high performance recognition systeat must increasing recognition

accuracy from other systems.

1.2 Motivation

On the basis of literature survey, character reitiognleads the thesis to wok on
different algorithms used in the recognition of @@dwder images. An experimental
approach needs to be developed to compare andagvdhe performance of different
invariant features of different shape-based Hindmarals. The investigations of the
reconstruction of the region-based Hindi numernaliage are a major motivation for this
thesis. The Zernike moment algorithms may perforgil vior the ideal clean Hindi
numerals. However, in the practical image acquisisystems and conditions, noise is a
common phenomenon in the acquisition process. Thserged numerals are being
represented only a degraded version of the origmaherals. Recognition of Hindi
numerals and patterns that are of various shapd&®irgy a goal of recent research.
Evaluating the accuracy of recognition of handwrittHindi numerals using Zernike

moment is of the thesis’s interest.



1.3 Research Scope

The research in Character Recognition usually gedutwo stages, “lower-level” and
“upper-level”. Lower level involves extracting fea¢s from character images such as the
boundary of a character or regions with the samxieite. The task of “upper-level is then
to recognize these objects with the extracted featuThis thesis concerns with both
“lower-level” and “upper-level” stages, in partiauiwith finding properties of a character
image which are invariant to image transformatiomduding scale, translation and
rotation. The idea of this arises from a project@ytical Character Recognition of
printed or handwritten English alphabet lettergh#y can recognize using these feature
descriptors so we can also recognize Hindi numeatatsusing that feature descriptors.

All OHCR(Online Handwritten Character Recognitioglgorithm in terms of

classification accuracy, invariance property adgadiféerent resolutions and noise as well
as the computation efficiency will not possibleb®included in this thesis. In this thesis,
we are containing our research on online recognittd gray level character image

samples of Hindi numerals by implementing Zernikenments as feature vectors.

1.4 Applications
Online recognition algorithms need some sort ofreg mechanism to train the
parameters for a given application. The idea ofnenriting is to continue the process
of learning while using the system on the job. Ehare various applications of online
handwriting systems exist in real life which makesognition process easier and fast in
this competitive world. Some online applications as follows:

* Real time computation of data consisting Hindi ntaise

* Pen based systems requires recognition enginegppmg multiple languages and

multi language documents.

» Comparison of different languages needs a robusgretion system [14].



1.5 Thesis Contents
Chapter 1 consists of the definition, motivatioesearch scope, and applications of this

thesis.

Chapter 2 is the general background review. It givge general introduction to
Handwritten Character Recognition system, its diaasions and history. Then it
introduces the concept of character image featanelsthe character recognition system.
Other related concepts including image featuresgenresolutions, and digital image

representation are also introduced in this chapter.

Chapter 3 focuses on the state of the art in Retogrsystem from the theoretical point
of view: their definitions, representing invariangeperties to scaling, translation, and

rotation of image, reconstruction of Hindi numerals

Chapter 4 describes the problem statement of réomgrsystem, computing Zernike
Moments of each character images, reconstructimtegs of image using Zernike

moment, and accuracy of reconstructed Hindi nuraeral

Chapter 5 analyses the problem states about rammgnising Zernike Moment and

accuracy of reconstruction property of Hindi nuneevaluation.

Chapter 6 gives the conclusion, summary of contikins and future research relating to

thesis.



Chapter 2

BACKGROUND INFORMATION

2.1 Character Recognition

Character Recognition is a research area in tle diePattern Recognition that is widely
used in Image Processing and Atrtificial Intelligerapplications. It is broadly classified
on the basis of its acquisition process of raw dadh further implements the process of
preprocessing of any recognition system. Therefonethe basis of that data acquisition
process we can classify the character recognitiahfierent modes as follows:

Handwritten
(1 Character
Online Optical Recognition
/ Character > Character P
Recognition Recognition
|  Printed
Character
Character < recognition
Recognition
Magnetic
(| Character
. Recognition
. Offline J
Character < Handwritten
Recognition 1 Character
: Recognition
Optical J
| Character
Recognition
Printed
~—  Character
recognition

Fig 2.1: Different classification of character rgodion




Figure 2.1 shows the different classification ofaidcter recognition. Two different
classifications are included in the general termtafracter recognition:
* Online Character Recognition

» Offline Character Recognition

Online Character Recognition always deals with ta ddream which comes from a
transducer an electronic device while the userrisng. Online handwriting recognition
involves the automatic conversion of text as ivriten on a special digitizer or PDA,
where a sensor picks up the pen-tip moveme(isand y(t) as well as pen up/pen down
switching. Wherex(t) is thex-coordinate andy(t) is they-coordinate of pixel variable t.
Such kind of data known as digital ink and can dxgarded as a dynamic representation
of handwriting. The typical hardware device to eotldata is a digitizing tablet which is
electromagnetic or pressure sensitive. When thewstes on the electronic tablets, the
successive movements of the pen are transformadsésies of electronic digital signals
which is memorized and analyzed by the computer [Mje online handwriting
recognition has some distinguish features as:

* ltis areal times process.

* Itis adaptive in real time.

» It captures the temporal and dynamic informatiothefpen trajectory.

* Very little preprocessing is required.

* Segmentation is easy in online handwriting.

Offline character recognition is performed aftere thvriting is finished. Offline
handwriting recognition involves the automatic cersion of text in an image
f(x y)into letter codes which are usable within compugerd text processing
applications. The data obtained by this form isardgd as a static representation of
handwriting [2]. The major difference between Oalend Offline Character Recognition
is that Online Character Recognition has real toetextual information but offline data
does not [27]. This difference generates a sigmific divergence in processing

architectures and methods. The offline charactogeition can be further grouped into:



* Magnetic Character Recognition (MCR)
» Optical Character Recognition (OCR)

In MCR, the characters are printed with magnetic the reading device can recognize
the characters according to the unique magnetid &éeach character. MCR is mostly
used in banks for check authentication. OCR dedtls the recognition of characters
acquiring by optical means, typically a scannelaatamera. The characters are in the
form of pixelized images, and can be either prirdettandwritten, of any size, shape, or
orientation. The OCR can be subdivide into handemitharacter recognition and printed
character recognition. Handwritten Character Rettmgnis more difficult to implement
than printed character recognition due to diverdiyman handwriting styles and
customs. In printed character recognition, the iesalp be processes are in the forms of

standard fonts like Times New Roman, Arial, Coyréetc.

2.2 Handwritten Character Recognition

Handwritten Character Recognition (HCR) is an int@ot research area in Pattern
Recognition. The objective of an HCR system isetmognize alphabetic letters, numbers,
or other characters, which are in the form of digitmages, without any human
intervention. This is accomplished by searching acim between the features extracted
from the given character’s image and the libraryndge models. Ideally, we would like
the features to be distinct for different charaateages so that the computer can extract
the correct model from the library without any assibn. Figure 2.2 illustrates the basic

processes of an HCR system as follows [26]:



Feature

Extraction
Image
Feature extracted
» Preprocessing from the imaqg
< 4 Search from

library

Image model library

Classified Numeral

= -

Fig 2.2: The basic processes of an HCR system

This basic process first takes data input from wsed leads to preprocessing stage,
feature extraction and this extracted image searatthing from image model library
and then classifying the numerals. As see in tlevalligure 2.2 user inputs a numeral
“Z” to recognize by the HCR system and it procesdesha stages and finally

classifying as Hindi numera=".

2.3 Image Features

Binary images are images that have been quantizesa values, usually denoted 0 and
1, but often with pixel values 0 and 255, represgnblack and white. Binary images are
used in many applications since they are simplesprbcess, but they are such an
impoverished representation of the image infornmattbat their use is not always

possible. Image features are unique characteristatcan represent a specific image.

Image features are meaningful, detectable partth@fimage. Meaningful means the
features are associated to interesting elementshe@amage formation process. Two
types of characteristics are usually referred bggenfeatures:



1. A global property of a character image, for instatite average gray level of all
pixels included in a gray level character image.

2. A part of the character image with special progsttifor example the boundary
length of a character image.

Sometimes the image features are not directly oroolly associated to any part of the
character image, but still reflect particular imgg®eperties, like the image moments.
Different features are associated with differentiraotion algorithms that output

collections of the feature descriptors. Good charaenage features should satisfy the

following conditions:

1. Robust to image transformations— the image features should be as invariant as
possible to image transformations including tratisha rotation, and scaling, etc.

2. Robust to degraded noises the image features should be robust to noises and
various degraded situations.

3. Feature extraction efficiency— image features can be computed efficiently.

4. Feature matching pattern efficiency — the matching algorithms should only

require a reasonable computational cost.

The selection of image features and correspondxtigaetion methods is probably the
most important step in achieving high performanmean OHCR system. At the same
time, the image feature and the feature extragtiethods also decide the nature and the
output of the image-preprocessing step. Some imfagéures and the extraction
algorithms work on color images, while others wank gray level or binary images
(Appendices A). Numerical features are ideal faatistical classifiers and discrete

features are ideal for decision trees.

2.4 Digital Image Representation

A digital image is an imaggX, y) that has been discretized both in spatial cootdma
and brightness. A digital image is a binary storafjelata that stores in memory and

stores in the form of “0” and “1”. A digital imagean be considered as a matrix whose

10



row and column indices identify a point in the @wer image and the corresponding
matrix element value identify the gray level atttpaint and elements of such a digital

array are called image elements, picture elementgixels [7].

v

(Origin) O

f(x,y)

v

X

Fig 2.3(a): A digital imagé(x, y)in x-y coordinate
In digital image processing method the data shbel@xisted in problem domain. When

the data acquisition process follows data storeshen binary format and sends to

preprocessing stage, segmentation, representaithmegognition process of the data as

follows:
| Segmentation .| Representation ang
- g Description
A A
A A
Preprocessing ]
P Recog-
nition
Knowledge Base > —>
Image 9 and Result
Problem e
domain Acquis- Interpr-
ition etation

Fig 2.3(b): Fundamental steps in digital image pssing
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2.4.1 Image Acquisition

From a problem domain, we start an image acqumsifioocess that correlates to
knowledge base. There are various types of imagglisiion devices as digitizer,
PDA'’s, Transducer, tablet PC and electronic peh.afé stores the image in binary (0O
and 1) format. We are mainly focus the image adijuis based on mouse gesture

handwriting.

2.4.2 Preprocessing

It deals with technique for enhancing contrast, aeimg noise and isolating regions

whose texture indicate a likelihood of alphanumerformation. In preprocessing stage it
is being normalized and removing all redundancgrerfrom the image and sends to next

stage.

2.4.3 Segmentation

It partitions an input image into its constituemtr§s or objects. In general autonomous
segmentation is one of the most different taskdigital image processing. In terms of
character recognition, the key role of segmentasadi extract individual characters and
words from background. The output of segmentati@yes usually is raw pixel data,

constituting either the boundary of a region ottladl points in the region itself.

2.4.4 Representation and Description

The data should be represented as a boundary @ @smplete region. Boundary
representation is appropriate when the focus isxdarnal shape characteristics such as
corners and inflections. Regional representatiormppropriate when the focus is on
internal properties such as textures or skelet@bshin some applications like character
recognition these representations coexist, whictenofrequire algorithm based on
boundary shape as well as skeletons and othenaltproperties. Description also called
feature selection, deals with extracting featurkesé¢ results in some quantitative
information of interest or features that are bdsicdifferentiating one class of objects
from another. In terms of character recognitioncdpsors such as holes and bays are

powerful features that help differentiate one pathe numerals from another.
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2.4.5 Recognition and Interpretation

It is the process that assigns a label to an objge¢d on the information provided by its
descriptors. Interpretation involves assign meamingn ensemble of recognized objects.
In terms of identifying a character saZ “requires associating the descriptors for that
character with the label=". Interpretation attempts to assign meaning toet of
labeled entities, e.g., a set of “10” numerals @spnts a mobile number and another set

of “4“numerals follows by “7 “numerals represente@ne telephone number.

2.5 Image Resolution

Digital images are made up of small squares cgligdls. Image quality is based on

image resolutions. There are two types of imageluésns: Spatial and Output. Spatial

resolution is defined in terms of width and heighih. image of 640 pixels wide and 480

pixels high has a spatial resolution of 640x480 emdtains 307,200 pixels. The higher
the spatial resolution, the more pixels are avélab create the image. This makes more
detail possible and creates a sharper image. Isumiesample this image by deleting

every other row and column from the original 512X5tage, we can get an image of
256x256. The 128%x128, 64x64, 32x32 images can herged by the same way [4].

Output resolution is defined in terms of the numbkdots/pixels per inch, or dpi. The
idea is to match the resolution of a character entaghe resolution of the output device,
usually a computer screen or printed document.hidpeer the dpi of the image (up to the
limit of the output device), the better the quabfythe printed image. Typical ink-jet and
laser printers can have output resolutions of 1p00Bypical monitor resolution is 96

dpi. From now on, the word “resolution” used insthhesis is only mean the spatial

resolution of the image.
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2.6 Architecture of the OHCR System

An OHCR (Online Handwritten Character Recognitiog)a system which loads a
character image, preprocesses the image, extrampermpimage features, computes the
“statistical moment” between the extracted imageuies and the known feature vectors
(Zernike moment) stored in the image model librang recognizes the image according
to the degree of similarity between the loaded ienapd the image models. The
preprocessing stage aims to make the image bebkuitar different feature extraction
algorithms. Some feature extraction algorithms atégl with the contours of the image
while some algorithms calculate every pixel of theage [10]. The preprocessing stage
which includes binarizing, edge detection, gapnij) and segmentation and so on can

make the initial image more suitable for later comagion as in figure 2.4 given below.

This OHCR system maintains a larger file databad@ish are creating by initial users
and stores the data in each and every file in thary form. Different shapes drawn by
initial users maintain the image model library thather uses in recognition process to
match the pattern of original image drawn by neersi€lse shows the percentage match
with similar character if there any. In the recdigm process image is reconstructed by a

statistical moment, Zernike moment using as a featactors.

This featured vector takes some standard orderomh@nt(n) with its repetition of order

(m) for calculating the Zernike momentA(, ) of each and every pixel value and

reconstruct the image using this Zernike moment alsd calculates the accuracy of

reconstructed image.
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Fig 2.4: Image recognition by Feature Extractioodess

Y,

The aim of this thesis is first develop a prototyge OHCR system) for learning of data,

this prototype can be learned by user by thousamdbers of characters .The learning

process can be at the run time also. When themyistbeing learnt by user it goes to be

training for different user inputs by the compudatof Zernike moment. Zernike moment

is calculating for some standard order of momerntk their repetition. If the calculation

of Zernike moment results correct output then &dke to testing process else process

returns back to programming part of the prototypedeh for error correction. Once the

system is being trained then we starts the tegtingess and obtain maximum accuracy

of reconstruction of character image. The basibitgcture of OHCR system is describes

in the figure 2.5 given below:
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Fig 2.5: The basic process of an OHCR system

2.7 Summary

An Online Handwritten Character Recognition systena real time process based on
character recognition methodology. Character reitiognis widely used in Image
Processing, Atrtificial Intelligence applications$.daptures the online user data by pen
based user interfaces like electronic tablet or B¢ stores in the file databases of the
system in the binary form, i.e., “0” and “1”. Theaee stores different binary format for
different shapes drawn by user in the prototyp®HCR system that maintains an image
model library that helps to system in the recognifprocess of any character or numerals

using a feature vector Zernike moment, a statisticanent.
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Chapter 3

STATE OF THE ART IN RECOGNITION SYSTEM

3.1 Introduction

An important problem in OHCR is the automatic reutign of a character in a scene
regardless of its position, size, orientation, &tcorder to recognize different variations
of the same character, image features which amismt to certain transformations need
to be used. Image invariants are features whicle lagproximately the same values for
samples of the same image which are, for instamasslated, scaled, rotated, skewed,
blurred, or noise affected. Image recognition bagedthese invariants includes three
major issues: shape representation, shape simpitagasure and shape indexing. Among
these issues, shape representation is the mostrtanpdssue [30]. Various shape
representation methods and shape descriptors iexig¢ratures. These methods can be
classified into two categories:
* Boundary-based invariants

* Region-based invariants

In boundary-based invariants, only the contour nmigtion of the shape is explored. In
region-based invariants, all the pixels within apgh are taken into account to obtain the
mathematical representation. The most popular regased methods include various
moment-based invariants such as Hu’'s seven momeatiants (Appendices B), Zernike
moments, complex moments, etc[12][13]. Thus, we @sig Zernike moment as a
feature vector in recognition of character for mstoucted the image and results the

accuracy of reconstruction.

The fundamental element of all these schemes imitiefi of a set of mathematical

functions for image representation and data redoctysually additional transformations
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requires achieving the desired invariant propeffieghe image features. This chapter is
focus on the theoretical derivation of these shagmed image invariants along with the

evaluation of their advantages and disadvantages.

3.2 Boundary-Based Invariants

Boundary is one of the most straightforward andartgnt image features as human
beings tend to perceive scenes as being composdiffexent individual objects, which
can be best identified by their boundaries. Meateytds far as the implementation is
concerned, boundary is also very simple to caleul&oundary based invariants are
having the features of image boundary in the tevingixel objects that easily calculate
shape boundary of any object. The object considanger boundary are having larger
pixel resolution a250x 25C has the boundary of 625,00 pixel range &4dx 48Chas
the 307,200 pixel range of boundary. So the bouyntased invariants are consists only
the contour information of any shape and cannotucapthe interior contents of any

shape or boundary.

3.3 Region Based Invariants

Region based invariants accounts all of the pixélthe image taken to represent any
shape or boundary. Because region-based invarcmbine information of an entire

image region rather than exploring information jaking the boundary pixels, they can
capture more information from the image. Momentebasnvariants are the most
common region based image invariants which aregusis pattern feature in many
applications. One of the statistical moments, Zernnoments that allow independent

moment invariants to be reconstructed easily taraitrarily high order [16].

Statistical moments are applicable to many diffeespects of image processing, ranging
from invariant pattern recognition and image enngdo pose estimation. When applies
to image, they describe the image content withaeisip its axes. They are designed to
capture both global and detailed geometric inforomatbout the image. In continuous

form an image can be consider as a 2-D Cartesiasitgefunction f (x, y)with this
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assumption, the order of mome(m) with the repetition of ordefm), evaluating over the

complete image plangis as follows[29]:

Mim = ” Bam(X,y) T(x y) dxdy, Wherenm=0,1,2.......
4

Where S,.(X y)is the basis function or weighting kernel and peu weighted
description of f(x,y) over the entire plang. These are orthogonal moments that

measure the image invariants as follows:

3.3.1 Regular Moments and Central Moments
Regular moments are statistical moments using fonticuous image function

f (X, y) having order of moments and their repetitionsn, Regular moments (also be

referred to as geometric moments) are defined as:

m,., = J‘:,.[:, X'y" f(x y) dxdy n n¥0,1,2........

Wherem_ is the (n+m)" order moment of the continuous image functigx, y).

The central moments are computed using centroithefimage, which is equivalent to
regular moment of an image whose centre has be&adsto coincide with its centroid.
Therefore the central moments are invariant to engnslations. The central moments

of f(x,y) are defined as:

U = T T(x—;()”(y—_y)m f(x ydxdy nmE0,12,....

—00 —00

WhereX = m,/ m,, and y= m,/ g, ,which is the centroid of the image.

For digital images the integral are replaced bymsatons andm, . becomes:
Mn=2. 2. XY f(xy), nm012...
X oy
Then the central moments are changed to:

L= S (x=%"(y- )" f(x ), nnE0L2....
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3.3.2 Zernike Moments

Zernike function introduced by Frits Zernike, a EluMathematician and Physician, is a
set of complex orthogonal functions with a simpigational property which forms a

basis over the class of square integrable funactedmed over the unit disk. The kernel of
Zernike moments is the orthogonal Zernike polyndsndefined over polar coordinates

inside a unit circle [33] [19]. Zernike introduceal set of complex polynomials

{Vnm(x, y)} which form a complete orthogonal set over the gk of x*+y*<1 in

polar coordinates [11] [8] [9]. The form of the pobmials is:
Vi (X, ¥) =V, (£,8) = R, (p)e™°

Wherenis positive integer or zeranis integers subject to constraints—|n1 is even,
anqrd < n, pis the length of the vector from the origin to fhirel(x, y), & is the angle

between the vectorp and x-axis in counter clockwise directiorR (o i3 Radial
polynomial defined as:
(ndmpr2 (n B S)I n-2s

Rin(P)= 2 (-1)° - P
s=0 S|(n+2|m|_s)|(n2|rd_$|

Zernike polynomials are defined only inside a wniitle,x* + y* <1, and therefore the

computation of Zernike moments requires a lineardimate transformation from the
image space to the interior of the unit circle|daled by a mapping from the rectangular
coordinate system to the polar coordinate systeme. Vialues ofn, n can be selected to

suit the desired sampling frequency [25]. Typicaifshas a value which is at leakt/2
andn is at 360’ when the image is sampled at one degree intervals:

A

m-1 el

e

Fig 3.1: Discrete pixel sampling in radial-polarrfo
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The Zernike moment of orderwith repetitionm for function f (x, y)is defined as:

n+1 .
A = [] £ YV (x, y)dxdy
T

xZ+y?<1

Wherelvn*m(xl y) :Vn,—m(xl y)

To compute the Zernike moment of a digital charaictege, we just need to change the
integrals with summations:

n+1

Am = =2 2 F 0NV (x ), K+ Y <1

The defined features of Zernike moments themsedwesonly invariant to rotation. To

achieve scale and translation invariance, the inmegels to be normalized first by using
the regular Zernike moments [23] [24]. The translatinvariance is achieved by

translating the original imagie(x, y)to f (x + >_< y+ g/),where x = Mo ang 3_/ = Mo

00 mOO

In other words, the original image’s center is ntbve the centroid before the Zernike

moment’s calculation. Scale invariance is achielganlarging or reducing each shape

so that the image’'©"regular momentm,,equals to a predetermined vaf8ie For a

binary image,m,, equals to the total number of shape pixels intinege [20].

According to equation, for a scaled imagé(ax,ay s regular moments

' _ p+q+2 . . . .
m,=a m,, m,, arethe regular moments &f(x, y). Since the objective is to make

m,=/4, we can letr=,/3/m, . By substituting a =./8/m, into m,,we can

obtainm,, = a’m,, = 3.

Suppose we know all Zernike momemg,, of f(x,y) up to ordem [22]. Due to the

orthogonal property of Zernike moments, we can mstoct the image based on this set

of Zernike moments by:

f(x,y) = Z > ALV (X,Y)
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3.4 Algorithm’s Complexity for moment computation

Since computing complexity of all moment invariamtspends almost solely on the
computing complexity of geometric moments themselvee review efficient algorithms
for moment calculation in a discrete space. Mosthef methods are focused on binary
images but there are also a few methods for gragl leharacter images. Basically,
moment computation algorithms can be categorizeéd fwo groups: decomposition
methods and boundary-based methods. The deconguosftthe object into simple areas

(squares, rectangles, rows, etc.) whose momentbearalculated easily i@ (1) time

[8].

3.5 Summary

The object moment is then given as a sum of monadral regions. The boundary based
methods calculate object moments just from the Baon or similar technique. In the

discrete case, the integral in the moment defimiioust be replaced by a summation.
Moments are applicable to many different aspectanafge processing, ranging from

invariant pattern recognition and image encodingpése estimation. When applies to
images, they describe the image content with redpeits axes. They are designing to

capture both global and detailed geometric inforomaabout the image.

In discrete form of an image can be consider aPDaCartesian density distribution
function f(x,y) with this assumption, the general form of a momahnordern with

repetitionm, evaluating over the complete image is as follows:

N N

Moy =2 2 X"y" f(xy)

x=1 y=1
WhereN is the size of the character image ah(k, y) is the grey levels of individual

pixels m . is the moment of any discrete image.

m
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Chapter 4

PROBLEM STATEMENT

4.1 Introduction

On basis of literature survey of character recagmitalgorithms, one question to be
answered is: which algorithm is the best choicedagiven application? This question
leads the thesis to characterize the availableighgas so that the most efficient methods
can be sorted out for different applications. Arperkmental approach needs to be
developed to compare and evaluate the performahakfferent invariants of shape-

based Hindi numeral. Meanwhile, as the region-babedacter image invariants take the
whole image area into account, the total numbggixals contained in the image will be

a critical factor for the algorithms’ computatioost.

An image with 1280x800 pixels will certainly takeuah longer time to compute than a
32x32 image. The investigations of the reconstonctdf the region-based Hindi
numeral’'s image are a major motivation for thissteeThe Zernike moment algorithms
may perform well for the ideal clean Hindi numerdtowever, in the practical image
acquisition systems and conditions, shape distorisocommon processes in OHCR

system because of different people handwriting thiferent shape of numerals.

The observed character image is being represeminyg a degraded version of the
original character image. Recognition of Hindi nuaie and patterns that are of various
shapes is being a goal of recent research. We iegognized the Hindi numerals using
the feature vector, Zernike moment on a standacteroof moment with standard
repetition of order. Computation of the Zernike narhand evaluation of accuracy of
reconstruction of handwritten Hindi numerals usifgrnike moment is also of this

thesis’s interest.
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4.2 Development of an OHCR System

The problem defines in the acquisition processmfOdCR system can be justified by
computing Zernike moment using as a features ventoreconstruction of Hindi
numerals. First of all, we taught our system byirahandwritten different shapes of
Hindi numerals. On the basis of this image modealolsse we match our pattern and
classify the reconstructed image. The OHCR sysgedeveloping as follows:

4.2.1 Online Handwritten Image Samples

These are the original image drawn by user by Fraedwriting that stores in a file
databases. This file database makes an image nibdaty in which we are storing
different types of binary images drawn by differamer using different styles of
handwriting. These are the samples of Hindi numsefraim (& —= ) drawing by simple

handwriting as follows:

User's Draw Area Buffer Data Area

"©,1111000000110000000010001111101001111110001101111
00111111100011111110001111111000011111101000000000"

Fig 4.1: Sample of Hindi numerC drawing by online handwriting and its buffer sipea
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User's Draw Area Buffer Data Area
IEEBEBE

"%,1100011111100110111110111011110111101111011110111
101111011111000000000111111111011121111211712111717111711

Fig 4.2: Sample of Hindi nume,t?,,drawinq by online handwriting and its buffer stagag

User's Draw Area Buffer Data Area
11

"~2,1111110011100010000100101011010110101011011010101
100000001111000000011111712171011117111211001111111110

Fig 4.3: Sample of Hindi nume =< drawing by online handwriting and its buffer sipea
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User's Draw Area Buffer Data Area

"'=,1111111111011111100101110110010111011101011101110
1 011001100101000110011001011001111110001011110@1111

Fig 4.4: Sample of Hindi nume Z:drawing by online handwriting and its buffer stazag

User's Draw Area Buffer Data Area

"+=,1111110000000110000000011011101100001110111000111
11110011101111100110111100001011100100000000011001"

Fig 4.5: Sample of Hindi nume==drawing by online handwriting and its buffer stogag
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User's Draw Area Buffer Data Area

"&,0000111111000001110011110110101111011010111001101
00000000000111171211011711121720121711111001111121101112

Fig 4.6: Sample of Hindi nume ~*-drawing by online handwriting and its buffer stagag

User's Draw Area Buffer Data Area

(1]

"¢-,1100111111100100011110100000110110111011011011101
001101100001111100011111110101112111101011111110001

Fig 4.7: Sample of Hindi nume &=drawing by online handwriting and its buffer stagag
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User's Draw Area Buffer Data Area

"¢, 1100000111100111001100111100010111101100111101111
01111011110111101111011110111101111001101111110000"

Fig 4.8: Sample of Hindi nume 6\drawinq by online handwriting and its buffer stogag

User's Draw Area Buffer Data Area

-

"71-,001111111100112121111100111111110011000001000011110
000011111000001111100001111111000111111100011111110

Fig 4.9: Sample of Hindi nume “drawing by online handwriting and its buffer stagag

28



User's Draw Area Buffer Data Area

"£,11111101111117111011111117110112111121110111111100000
111000000010011001101011101110001110111000111011120"

Fig 4.10: Sample of Hindi numeZdirawing by online handwriting and its buffer stagag

4.2.2 How to compute Zernike Moments
Zernike Moments are due to Zernike polynomialsodticed in 1934 by Zernike. Zernike

polynomials are one of infinite set of polynomitiiat are orthogonal over the unit circle.

Image .| Translation | Scale

binarization "|  normalization "| normalization
A\ 4

Compute the .| Mask the image | Zernike

unit disk "| to the unit disk "| Moments

Fig 4.11: Block diagram of computing Zernike monsent

Figure 4.11 is the block diagram of Zernike Momsmdmputation. The major reason for

this is the image normalization process. The Zernikoments, however, are only
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invariant to image rotation for them. To achievansiation and scale invariance, extra
normalization processes are required. The trapslatormalization can be achieved by

moving the image center to the image centroid.

The scale normalization can be achieved by setrttagie’s 0" order regular moment

m,, to a predetermined value. Becausg,,is the total number of white pixels for
binary image, we use interpolation to sat,, to the predetermined value. The regular

moments which employ the summation within a squearege of pixels, Zernike

polynomials take the unit disk® + y* <1 as their computation domain.

To compute the Zernike moments of a digital imabe, range of the image should be
mapped to the unit circle first with its origin @te image’s center. The pixels falling
outside the unit circle are discarding in the cotapan process. In our implementation
of Zernike moments, we use binary images with gpatisolution of 64x64. All of these

binary images are normalizes into a unit circlehviixed radius of 32 pixels. Figure 4.12

shows the process.

Original 64*64 Unit circle with fixed Computaticange

Binary image radius of 32 pixels

Fig 4.12: The computation process of the unit digpping for Zernike moments
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To reconstruct any handwritten character imageHiumerals) computation of Zernike
moments is using in the reconstruction processfdlowing steps are necessary to
implement over any character image to compute #raike moments [17]:

(1) First of all converts gray-scale image into thealpyncharacter image.

(2) To map over a unit disc image must be convertpaiar coordinate.

X]e N > X2 X] « N X2

yl Y e

o -

L 4

-1
]

y2 o T T

T—t-_| | 1]

Fig 4.13: (a)N x N pixels image bitmap b) Unit circles mapped oie N pixels

size image
In the above figure 4.13 the center of the image @disk is same. Whenel, x2

are X-axis dimensions andl, y2are Y-axis dimensions of the pixel rectangle,

(>_<, S/) is the center of the unit dislg is polar value and is polar angle. Now

the image is mapping into polar coordinate and omiocircle as:

(2) Compute the distandd) in figure 4.13(b) asl = \/()Q— })2%+(yz— _y)z—;

(b) Compute the distance vectop and anglé, for any (x,y) pixel

inf(x,y), in polar coordinate aﬂ:\/(x—;()2+(y— _y)z/d

and@=tan| XY |.
X— X
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(c) This step maps pixel coordinatdgl, x2) to (-1,+1) and (yl,y2) to
(-1,+1) in polar. In this way almost all the pixels in iggabound box as

given in figure 4.13(b) are inside the unit cirelecept some foreground

pixels.

(3) When the image is mapped onto unit disc, take eiésialue of order of moment,

i.e.,n and compute real and imaginary parts of the Zermloment using Radial

(n=|m|)/2

polynomial, Ry, (9) = 3 (1) — o S
°=0 sl(——— - s)! (T_ s)!

(4) Compute Complex Zernike moments from real and imagyi parts and take the
magnitudes of Complex Zernike moments. This istrmtainvariant Zernike

moment feature vector of the given character image.

4.2.3 Image Reconstruction using Zernike Moments

It is a well-recognized property of moments thagytlcan be used to reconstruct the
original function, i.e., none of the original imagdormation is lost in the projection of
the image on to the moment basis functions, asguaain‘infinite’ number of moments
are calculated. For non-orthogonal moments, thenscuction is not straight forward
and requires a moment-matching technique [28]héndase of orthogonal moments like
Zernike, the reconstruction is simple, by virtuetioé orthogonal of the basis functions

[18]. When we have all moments of imaigg, y)up to orden__ , then it is possible to

compute a discrete image functibifx, y), whose Zernike moments are exactly same as
that of f (x, y)up to orden__ . As n___approaches infinity,f (x, y) will become f (x, y)

as follows:

nm ax

F ) =22 An Van(0.0)

n=0 m
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It is worth noting that this reconstruction formwaves a discrete approximation to a
continuous function, i.e., while the valuesxadindy are discrete, the values df (X, y)
are from a continuous range. Another way of considethis point is that if the original
image is binary, then the reconstructed functfofx, y) will not simply take the valued

and 1. The reconstruction effectively gives the simpléstioothest) function whose

moments match the given set.

™ A8

Fig4.14: (a) original image, (b) reconstructionar@3, (c) Reconstruction order 25

Therefore, when reconstructed binary images suchthase in Figure 4.14, the
reconstructed image needs to be threshold to rapeod binary image. An appropriate
threshold, used in, would appear to be the midipm#tween the maxima and minima of
the reconstructed function, but there appears tditthee discussion in the literature on
threshold reconstructions. Using an example of x68%inary letter 7', Figure 4.14
illustrates how increasing the number of momentshim reconstruction improves the
resulting image (which are shown here after thrieslag described above). It is quite
clear from Figure 4.14 that the lett¢#* is recognizable from the reconstruction up to
and including order 25. However, it is also cldaattthe reconstructed image does not
match the original. Thus, we see that recogniti@guires fewer moments than
reconstruction. Most previous work on reconstrutfiom moments has concentrated on

recognition rather that accuracy, but here we woestoncentrate on the accuracy alone.
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4.2.4 Accuracy of Zernike Moment in reconstructionof image

The accuracy of Zernike moment for reconstructeditiage shows the performance of
the OHCR system, i.e., how much efficient to reepgrany Hindi numerals. For any
Hindi numerals image the accuracy of reconstrusteje (in %) is as follows:

S X (f(xy)- fx9)
XX ()

Where f(x,y) is original image of any Hindi numerals arfd(x, y) is reconstructed

Accuracy= x100

image of same Hindi numerals. Using different or@érmomen(n)with different

repetitior(m) , we can be obtained the accuracy of the recoristfumage [21].

4.3 Summary

Zernike moments themselves are not invariant tastedion and scale change. The
images need to be preprocessed first to achieverthygerty of translation and scaling
invariance. The advantage of Zernike moments laysa image reconstruction priority.
We define the problem statement of this thesis his tthapter and describe the
implementation of the Zernike moment in the recation of image. Furthermore,
Zernike moments also help to find out the accumgdcthe reconstructed Hindi numerals
drawn by different users. For this reason, we fedusur research on their accuracy of
reconstruction ability rather than their sensiyiyproperty to different spatial resolutions.
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Chapter 5

RESEARCH PROBLEM SOLVING

5.1 Computation of Zernike moment and Accuracy of econstructed
image using Zernike moment
As we define the Zernike momen#(,) and Zernike Polynomial\,,,) in the previous

chapter, using these values we are calculatingd¢haracy of reconstructed image (in %)
as follows:

2 (f ()= F(x )
Accuracy= —-~ x100

> > f(xy)

Xy

nmax

wheref (X, y) = Z Z Am Van(£.8) . 5 is polar value andd is polar
n=0 m

angle andf (x, y) is original image of any Hindi numerals arfd(x, y) is reconstructed

image of same Hindi numerals.

We have followed these steps to obtain best acgurceconstructed image from the
OHCR system. First of all, we have trained our OH8Rtem by different order of
moment with different repetitions and measured dbeuracy of reconstructed image
using Zernike moment. In the next step, we haveldt: accuracy for each and every
Hindi numeral from O-=" at the order of moment and respective repetitbrorder
obtained from previous step. As well as we havelobg accuracy of reconstructed Hindi
numerals handwritten by 10 different users so twatcan obtain best accuracy of

reconstructed image at a standard order of morfreéreind repetition of ordém).
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In the training step we checked accuracy of recaoottd image from OHCR system at

different order of momeifin)and repetition of ord¢m).The observed data for Hindi

numerals O-2" are showing in the tables as follows:

TABLE 5.1: Accuracy of reconstructed Hindi numetC” by OHCR system

Order of Repetition of Accuracy of reconstructed Average

momen{n) order (m) image( % ) Accuracy
18 4 99.4228
18 6 87.5957
20 6 95.5031
21 3 96.4845
21 5 99.6375
21 7 08.7282
22 6 99.9612
22 8 99.6916
22 10 87.7945
23 5 99.8601
23 7 99.9998

23 9 99.9710 98.3228
23 11 99.5404
24 6 99.9758
24 8 99.9994
24 10 99.9994
25 5 98.8599
25 7 99.9990
25 9 99.9999
26 6 99.9177
26 8 99.9999
27 7 99.9988
28 6 98.4845

From the above table 5.1, we obtained the averagaracy of reconstructed Hindi
numeralC as 98.3228% from OHCR system at different ordenofment and repetition
of order.
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TABLE 5.2: Accuracy of reconstructed Hindi numerabge ‘Z” by OHCR system

Order of Repetition of Accuracy of reconstructed Average

momen{(n) order (m) image( % ) Accuracy
18 4 91.6485
18 6 81.1887
20 6 92.4590
21 3 93.0148
21 5 99.1242
21 7 98.0465
22 6 99.9269
22 8 99.5224
22 10 82.0405
23 5 99.6431
23 7 99.9998

23 9 99.9539 96.9210
23 11 99.2795
24 6 99.9455
24 8 99.9989
24 10 99.9990
25 5 97.0031
25 7 99.9980
25 9 99.9999
26 6 99.8159
26 8 99.9999
27 7 99.9976
28 6 96.5783

From the above Table 5.2, we obtained the averagaracy of reconstructed Hindi

numeral? as 96.9210% from OHCR system at different ordemoment and repetition

of order.
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TABLE 5.3: Accuracy of reconstructed Hindi numeirahqe";? " by OHCR system

Order of Repetition of Accuracy of reconstructed Average

momen{(n) order (m) image( % ) Accuracy
18 4 94.5271
18 6 83.6661
20 6 93.6653
21 3 94.3544
21 5 99.3123
21 7 98.3256
22 6 99.9404
22 8 99.5928
22 10 84.4005
23 5 99.7226
23 7 99.9998

23 9 99.9611 97.4632
23 11 99.3895
24 6 99.9572
24 8 99.9991
24 10 99.9992
25 5 97.6807
25 7 99.9985
25 9 99.9999
26 6 99.8551
26 8 99.9999
27 7 99.9981
28 6 97.3082

From the above table 5.3, we obtained the averagaracy of reconstructed Hindi

numeral-< as 97.4632% from OHCR system at different ordenofment and repetition

of order.
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TABLE 5.4: Accuracy of reconstructed Hindi numerahge “=x" by OHCR system

Order of Repetition of Accuracy of reconstructed Average
moment(n) order (m) image( % ) Accuracy
18 4 90.9672
18 6 83.6544
20 6 93.3978
21 3 93.3483
21 5 99.1832
21 7 98.3413
22 6 99.9343
22 8 99.5943
22 10 84.7873
23 5 99.6639
23 7 99.9998
23 9 99.9606 97.2144
23 11 99.3859
24 6 99.9489
24 8 99.9991
24 10 99.9992
25 5 97.1526
25 7 99.9982
25 9 99.9999
26 6 99.8278
26 8 99.9999
27 7 99.9976
28 6 96.7889

From the above table 5.4, we obtained the averagaracy of reconstructed Hindi
numeral =~ as 97.2144% from OHCR system at different ordermafment and

repetition of order.
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TABLE 5.5: Accuracy of reconstructed Hindi numdmahge =" by OHCR system

Order of Repetition of | Accuracy of reconstructed Average

moment() Order () image( % ) Accuracy
18 4 96.4080
18 6 91.0449
20 6 96.7550
21 3 97.3225
21 5 99.6578
21 7 99.1346
22 6 99.9706
22 8 99.7923
22 10 91.7311
23 5 99.8629
23 7 99.9998

23 9 99.9805 98.6440
23 11 99.6923
24 6 99.9794
24 8 99.9995
24 10 99.9996
25 5 98.8543
25 7 99.9992
25 9 99.9999
26 6 99.9301
26 8 99.9999
27 7 99.9971
28 6 98.6960

The above table 5.5 gives the average accuracgamistructed Hindi numer== as

98.6440% from OHCR system at different order of reatrand repetition of order.
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TABLE 5.6: Accuracy of reconstructed Hindi numemahge ‘2" by OHCR system

Order of Repetition of | Accuracy of reconstructed Average

moment() Order () image( % ) Accuracy
18 4 81.5340
18 6 97.4881
20 6 98.6179
21 3 97.9412
21 5 99.6489
21 7 99.7529
22 6 99.9817
22 8 99.9372
22 10 97.8971
23 5 99.8437
23 7 99.9999

23 9 99.9931 98.6850
23 11 99.8986
24 6 99.9799
24 8 99.9998
24 10 99.9998
25 5 98.6053
25 7 99.9994
25 9 99.9999
26 6 99.9327
26 8 99.9999
27 7 99.9993
28 6 98.7086

From this table 5.6, we have obtained the averamgeiracy of reconstructed Hindi
numerals#- as 98.6850% using the proposed OHCR system atreliff order of moment
and repetition of order.
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TABLE 5.7: Accuracy of reconstructed Hindi numarahge’ =" by OHCR system

Order of Repetition of | Accuracy of reconstructed Average

moment() Order () image( % ) Accuracy
18 4 93.7600
18 6 81.4404
20 6 92.5813
21 3 92.8475
21 5 99.1613
21 7 98.0751
22 6 99.9281
22 8 99.5291
22 10 82.3068
23 5 99.6589
23 7 99.9998

23 9 99.9545 97.0470
23 11 99.2891
24 6 99.9467
24 8 99.9989
24 10 99.9991
25 5 97.1351
25 7 99.9981
25 9 99.9999
26 6 99.8199
26 8 99.9999
27 7 99.9977
28 6 96.6566

From the above table 5.7, we have obtained theageesiccuracy of reconstructed Hindi

numeral = as 97.0470% from OHCR system at different ordernaiment and

repetition of order.
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TABLE 5.8: Accuracy of reconstructed Hindi nume’rahqe‘@” by OHCR system

Order of Repetition of | Accuracy of reconstructed Average

moment() Order () image( % ) Accuracy
18 4 97.7154
18 6 81.5355
20 6 92.8359
21 3 93.8754
21 5 99.3183
22 6 99.9344
22 8 99.5219
22 10 81.7633
23 5 99.7296
23 7 99.9997

23 9 99.9543 97 3170
23 11 99.2806
24 6 99.9554
24 8 99.9990
24 10 99.9991
25 5 97.7639
25 7 99.9983
25 9 99.9999
26 6 99.8489
26 8 99.9999
27 7 99.9979
28 6 97.2094

From the above table 5.8, we have obtained theageesiccuracy of reconstructed Hindi

numeral< as 97.3170% from OHCR system at different ordenoment and repetition

of order.

43




TABLE 5.9: Accuracy of reconstructed Hindi numeirahge ““— " by OHCR system

Order of Repetition of | Accuracy of reconstructed Average

moment() Order () image( % ) Accuracy
18 4 84.4306
18 6 97.9343
20 6 98.8569
21 3 98.2351
21 5 99.7088
21 7 99.7979
22 6 99.9848
22 8 99.9485
22 10 98.2837
23 5 99.8702
23 7 99.9999

23 9 99.9943 98.8970
23 11 99.9167
24 6 99.9831
24 8 99.9998
24 10 99.9998
25 5 98.8381
25 7 99.9995
25 9 99.9999
26 6 99.9436
26 8 99.9999
27 7 99.9993
28 6 98.9170

From the above table 5.9, we have obtained theageesiccuracy of reconstructed Hindi

numeral = as 98.8970% from OHCR system at different ordernadment and

repetition of order.
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TABLE 5.10: Accuracy of reconstructed Hindi numerahge = by OHCR system

Order of Repetition of | Accuracy of reconstructed Average

moment() Order () image( % ) Accuracy
18 4 89.0512
18 6 79.1678
20 6 91.3712
21 3 91.0601
21 5 98.9305
21 7 97.8318
22 6 99.9129
22 8 99.4667
22 10 80.3743
23 5 99.5590
23 7 99.9998

23 9 99.9478 96.4160
23 11 99.1891
24 6 99.9320
24 8 99.9988
24 10 99.9989
25 5 96.2678
25 7 99.9976
25 9 99.9999
26 6 99.7708
26 8 99.9999
27 7 99.9971
28 6 95.7391

From the above table 5.10, we found the averageracg of reconstructed Hindi

numeral & as 96.4160% using the OHCR system at differenerondf moment and

repetition of order
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It can be observed from the above table 5.1 toetdbhlO, we have obtained the
reconstructed accuracy of the original numeralsatgrethan 99.9900% on following
order of momentr() and repetition of orden{) as given below:
1. n=23,m=7
n=24,m=10
n=25m=9
n=26,m=38
n=27,m=7

o kr 0N

We have now tested the accuracy of reconstructagenby these orders of momeny (
and their repetitionn{) for handwriting of 10 different users (P1, P2, P&, P5, P6, P7,
P8, P9, P10) so that we can decide for the bestracyg of reconstruction for Hindi

numerals O-Z" on any standard order of momen} énd repetition of ordemn).

Forn = 23 m = 7, we have tested the accuracy of reconstructediHinuerals C-2"

by OHCR system and the results are given in tHeviahg tables.

TABLE 5.11: Fomn = 23, m = 7, testing accuracy of reconstructed numeCil

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9997
P2 99.9997
P3 99.9998
P4 99.9997
P5 99.9997
P6 99.9997 99.9997
P7 99.9997
P8 99.9997
P9 99.9997
P10 99.9997

46



TABLE 5.12: Fom = 23, m = 7. testing accuracy of reconstructed nume7 I

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9998
P2 99.9998
P3 99.9997
P4 99.9998
P5 99.9998 99,9998
P6 99.9998
P7 99.9998
P8 99.9998
P9 99.9998
P10 99.9998

TABLE 5.13: Forn = 23, m = 7, testing accuracy of reconstructed nume==< "

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9998
P2 99.9998
P3 99.9997
P4 99.9997
P5 99.9999
P6 99.9997 99.9998
P7 99.9998
P8 99.9998
P9 99.9998
P10 99.9997
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TABLE 5.14: Forn = 23, m = 7, testing accuracy of reconstructed numeaJ

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9998
P2 99.9998
P3 99.9999
P4 99.9997
P5 99.9998 99,9998
P6 99.9997
P7 99.9998
P8 99.9998
P9 99.9998
P10 99.9997

TABLE 5.15: Forn = 23, m = 7, testing accuracy of reconstructed nume=i *

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9998
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9998 99 9998
P6 99.9998
P7 99.9998
P8 99.9997
P9 99.9998
P10 99.9999
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TABLE 5.16: Forn = 23, m = 7, testing accuracy of reconstructed nume-z-

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9999
P2 99.9998
P3 99.9999
P4 99.9998
P5 99.9998 99,9998
P6 99.9998
P7 99.9998
P8 99.9999
P9 99.9998
P10 99.9998

TABLE 5.17: Fom = 23, m = 7, testing accuracy of reconstructed nume &=

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9998
P2 99.9998
P3 99.9998
P4 99.9998
P5 99.9998 99 9998
P6 99.9997
P7 99.9998
P8 99.9998
P9 99.9998
P10 99.9998
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TABLE 5.18: Forn = 23, m = 7, testing accuracy of reconstructed num((ﬁ_éil“

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9997
P2 99.9997
P3 99.9997
P4 99.9998
P5 99.9997 99 9997
P6 99.9997
P7 99.9997
P8 99.9997
P9 99.9997
P10 99.9997

TABLE 5.19: Forn = 23, m = 7, testing accuracy of reconstructed nume=f *

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23, m=7 n=23 m=7
P1 99.9999
P2 99.9999
P3 99.9998
P4 99.9998
P5 99.9998 99,9998
P6 99.9998
P7 99.9997
P8 99.9998
P9 99.9998
P10 99.9998
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TABLE 5.20: Forn = 23, m = 7, testing accuracy of reconstructed nume= "

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=23 m=7| n=23 m=7
P1 99.9999
P2 99.9998
P3 99.9998
P4 99.9998
P5 99.9998
P6 99.9998 99.9998
P7 99.9998
P8 99.9999
P9 99.9998
P10 99.9998

Forn = 24,m= 10, we have again tested the accuracy of reagrtstt Hindi numerals

“(J-£” by OHCR system and the results are being showneitables given below:

TABLE 5.21: Fom = 24, m = 1Q testing accuracy of reconstructed numeC1

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9994
P2 99.9989
P3 99.9996
P4 99.9994
P5 99.9992
P6 99.9992 99.9992
P7 99.9992
P8 99.9992
P9 99.9990
P10 99.9989
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TABLE 5.22: Fom = 24, m = 10 testing accuracy of reconstructed nume? il*

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=24, m=10 n=24, m=10
P1 99.9990
P2 99.9993
P3 99.9990
P4 99.9991
P5 99.9991 99.9992
P6 99.9991
P7 99.9993
P8 99.9996
P9 99.9991
P10 99.9991

TABLES.23: Forn = 24, m = 10 testing accuracy of reconstructed numeiE,J’“

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9992
P2 99.9992
P3 99.9991
P4 99.9994
P5 99.9993
P6 99.9991 99.9991
P7 99.9989
P8 99.9989
P9 99.9991
P10 99.9989
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TABLE 5.24: Fomn = 24, m = 10Q testing accuracy of reconstructed nume=il*

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9992
P2 99.9993
P3 99.9995
P4 99.9991
P5 99.9988 99 9991
P6 99.9989
P7 99.9992
P8 99.9989
P9 99.9990
P10 99.9990

TABLE 5.25: Fom = 24, m = 1Q testing accuracy of reconstructed nume=i[

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9996
P2 99.9996
P3 99.9996
P4 99.9998
P5 99.9994 99 9994
P6 99.9992
P7 99.9993
P8 99.9990
P9 99.9990
P10 99.9994
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TABLE 5.26: Forn = 24, m = 10 testing accuracy of reconstructed numesal “

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9998
P2 99.9992
P3 99.9998
P4 99.9988
P5 99.9989 99.9992
P6 99.9992
P7 99.9990
P8 99.9996
P9 99.9992
P10 99.9990

TABLE 5.27: Forn = 24, m = 10 testing accuracy of reconstructed nume&=il*

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9990
P2 99.9990
P3 99.9990
P4 99.9989
P5 99.9993 99 9990
P6 99.9989
P7 99.9989
P8 99.9989
P9 99.9990
P10 99.9990
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TABLE 5.28: Forn = 24, m = 10 testing accuracy of reconstructed num(6i1“

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9990
P2 99.9990
P3 99.9989
P4 99.9989
P5 99.9991
P6 99.9990 99.9990
P7 99.9990
P8 99.9989
P9 99.9991
P10 99.9989

TABLE 5.29: Fom = 24, m = 1Q testing accuracy of reconstructed nume< Al

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9998
P2 99.9996
P3 99.9989
P4 99.9988
P5 99.9993
P6 99.9988 99.9991
P7 99.9991
P8 99.9988
P9 99.9991
P10 99.9992

55



TABLE 5.30: Forn = 24, m = 1Q testing accuracy of reconstructed numeZ 3l

Accuracy of Average
USER reconstructed image| Accuracy for
(% )forn=24, m=10{ n=24, m=10
P1 99.9989
P2 99.9989
P3 99.9989
P4 99.9990
P5 99.9990
P6 99.9989 99.9990
P7 99.9989
P8 99.9995
P9 99.9988
P10 99.9988

We have now tested the accuracy of the systermfer25, m = 9using theOHCR

system. The results for this are given in the wbkebelow.

TABLE 5.31: Fom = 25, m = 9 testing accuracy of reconstructed nume i

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.32: Fom = 25, m = 9 testing accuracy of reconstructed nume7 I

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99.9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.33: Forn = 25, m = 9 testing accuracy of reconstructed nume@’“

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.34: Fomn = 25, m = 9 testing accuracy of reconstructed nume=al

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99.9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.35: Forn = 25, m = 9 testing accuracy of reconstructed nume*>{’

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.36: Forn = 25, m = 9 testing accuracy of reconstructed nume-z-

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99.9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.37: Forn = 25, m = 9 testing accuracy of reconstructed nume&]'*

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99 9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.38: Forn = 25, m = 9 testing accuracy of reconstructed numeeﬁl“

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.39: Forn = 25, m = 9 testing accuracy of reconstructed nume¢ ‘—"

Accuracy of Average
USER reconstructed image| Accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.40: Forn = 25, m = 9 testing accuracy of reconstructed nume= "

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=25,m=9| n=25,m=9
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

Forn = 26, m = § again we have tested the accuracy of reconstrudbedi numerals

“(J-£” by OHCR system. The results of this are showthinfollowing tables.

TABLE 5.41: Forn = 26, m = 8 testing accuracy of reconstructed nume©1 *

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.42: Fom = 26, m = 8 testing accuracy of reconstructed nume7 I

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99.9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.43: Forn = 26, m = 8 testing accuracy of reconstructed numeéif“

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.44: Fomn = 26, m = 8 testing accuracy of reconstructed nume¢—=x"

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99.9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.45: Forn = 26, m = 8 testing accuracy of reconstructed nume—="

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99 9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.46: Forn = 26, m = 8 testing accuracy of reconstructed nume~2-*

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99.9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.47: Forn = 26, m = 8 testing accuracy of reconstructed nume&]'*

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999 99 9999
P6 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.48: Forn = 26, m = 8 testing accuracy of reconstructed num(fg‘"

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

TABLE 5.49: Forn = 26, m = 8 testing accuracy of reconstructed nume¢ ‘—"

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999
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TABLE 5.50: Forn = 26, m = 8 testing accuracy of reconstructed nume= "

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=26,m=8| n=26,m=38
P1 99.9999
P2 99.9999
P3 99.9999
P4 99.9999
P5 99.9999
P6 99.9999 99.9999
P7 99.9999
P8 99.9999
P9 99.9999
P10 99.9999

Forn = 27, m = 7 we have tested the accuracy of reconstructeditimerals C-Z£”

by OHCR system are showing in the tables as follows

TABLE 5.51: Forn = 27, m = 7 testing accuracy of reconstructed nume©1 *

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9988
P2 99.9975
P3 99.9994
P4 99.9987
P5 99.9983
P6 99.9983 99.9983
P7 99.9983
P8 99.9985
P9 99.9977
P10 99.9973
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TABLE 5.52: Fom = 27. m = 7 testing accuracy of reconstructed nume7 I

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9976
P2 99.9984
P3 99.9976
P4 99.9976
P5 99.9976 99 9980
P6 99.9977
P7 99.9983
P8 99.9991
P9 99.9978
P10 99.9978

TABLE 5.53: Forn = 27, m = 7 testing accuracy of reconstructed nume=—=*

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9981
P2 99.9980
P3 99.9978
P4 99.9987
P5 99.9980
P6 99.9980 99.9978
P7 99.9971
P8 99.9971
P9 99.9978
P10 99.9974
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TABLE 5.54: For n = 27, m = 7, testing accuracyedfonstructed numeri="

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9978
P2 99.9982
P3 99.9986
P4 99.9979
P5 99.9967 99 9977
P6 99.9975
P7 99.9979
P8 99.9972
P9 99.9976
P10 99.9976

TABLE 5.55: Forn = 27, m = 7 testing accuracy of reconstructed nume =i

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9991
P2 99.9988
P3 99.9987
P4 99.9990
P5 99.9986
P6 99.9978 99.9984
P7 99.9982
P8 99.9979
P9 99.9976
P10 99.9984
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TABLE 5.56: Forn = 27, m = 7 testing accuracy of reconstructed nume-%-

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9992
P2 99.9980
P3 99.9991
P4 99.9970
P5 99.9970 99 9980
P6 99.9980
P7 99.9973
P8 99.9987
P9 99.9978
P10 99.9976

TABLE 5.57: Forn = 27, m = 7 testing accuracy of reconstructed nume&]'*

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9977
P2 99.9974
P3 99.9977
P4 99.9971
P5 99.9985 99 9975
P6 99.9973
P7 99.9974
P8 99.9971
P9 99.9976
P10 99.9975
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TABLE 5.58: Forn = 27, m = 7 testing accuracy of reconstructed num(fg‘"

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9979
P2 99.9979
P3 99.9974
P4 99.9971
P5 99.9980
P6 99.9977 99.9977
P7 99.9978
P8 99.9975
P9 99.9979
P10 99.9973

TABLE 5.59: Fom = 27, m = 7 testing accuracy of reconstructed nume <

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9993
P2 99.9987
P3 99.9971
P4 99.9968
P5 99.9982
P6 99.9970 99.9978
P7 99.9981
P8 99.9969
P9 99.9976
P10 99.9979
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TABLE 5.60: Forn = 27, m = 7 testing accuracy of reconstructed nume= "

Accuracy of Average
USER reconstructed image| accuracy for
(%)forn=27, m=7| n=27, m=7
P1 99.9971
P2 99.9970
P3 99.9974
P4 99.9973
P5 99.9975
P6 99.9972 99.9973
P7 99.9972
P8 99.9987
P9 99.9967
P10 99.9968

We have obtained the average accuracies from tbeeatables’ data for the different
order of moment and repetition of order. We hawstirig the accuracy of Hindi numerals
written by 10 different users (P1, P2, P3, P4, PB10) for each and every order of
moment 1) with repetition of order ih). Each and every user could draw different
shape based Hindi numerals that caused the variatiaccuracy of reconstruction but
due to Zernike moment’s invariance property we dabtain the maximum accuracy of

reconstruction at some higher order of moment apdtition of order.

The comparison of average accuracies of Hindi nats¢O-<” with different order of

moment f1) and repetition of ordem{) is given in the table below:
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TABLE 5.61: Comparison of average accuracies ofiHmimerals for O-£”

Order of | Repetition O) & <2 = P
moment | of order
[ n] [m] (%) (%) (%) (%) (%)
23 7 99.9997 99.9998 99.9998 99.9998 99.9998
24 10 99.9992 99.9992 99.9991 99.9991 99.9994
25 99.9999 99.9999 99.9999 99.9999 99.99'99
26 8 99.9999 99.9999 99.9999 99.9999 99.9999
27 7 99.9983 99.9980 99.9978 99.9977 99.9984
Order of | Repetition .]:T'L = ., T =
moment | of order
[ n] [m] (%) (%) (%) (%) (%)
23 7 99.9998 99.9998 99.9997 99.9998 99.9998
24 10 99.9992 99.9990 99.9990 99.9991 99.9990
25 9 99.9999 99.9999 99.9999 99.9999 99.99|99
26 8 99.9999 99.9999 99.9999 99.9999 99.9999
27 7 99.9980 99.9975 99.9977 99.9978 99.9973

From the above table, one can observe that thermemiaccuracy of reconstruction is

achieved when order of moment)(is 25 and repetition of ordem() is 9. As such, we

can make the use of this moment and repetitionrptdat gives 99.9999% accuracy, for

Online Handwritten Character Recognition systerrHimdi numerals from G-,
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5.2 Summary

In this chapter, we have trained our OHCR systerditfgrent order of momentn() with

different repetitions ifn) and measure the reconstruction accuracy of réwarted image
using Zernike moment for Hindi numeralC“£”. The order of moments and repetition

of orders that gives the accuracy more than 99.88%given below:

@n=23m=7

(b)n=24, m=10

(c)n=25,m=9

(dn=26,m=8

e)yn=27,m=7
In the next step, we have decided the accuracgadnstruction of the Hindi numerals
using 10 different users (P1, P2, P3, P4, P5... PA0gach order of moment and
repetition of order as given above and checked#st reconstructed order of moment at
which we have obtained maximum accuracy.

We have now decided upon the best value of orderashent f1) and repetition of order
(m) for the different users and it has been notetldtemdard order of moment ) = 25
and repetition of orderng) = 9 gives the maximum accuracy of reconstrucé®r®999%
for the proposed Online Handwritten Character Rettmgn system for Hindi numerals

from “C-£7,
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Chapter 6

CONCLUSIONS AND FUTURE RESEARCH

In this chapter, we first summarize the study earrout in this thesis. Then, the

concluding remarks are given and the future resedirections are further discussed.

6.1 CONCLUSIONS

Online handwriting recognition is a difficult prash, not only because of the great
amount of variations in human handwriting, but alsecause of the overlapping of the
neighboring characterf®ecognition strategies heavily depend on the natlitiee data to
be recognized. Since handwritten characters coalafbvarious shapes and size, the

recognition process needs to be much efficientaowlirate to recognize the characters

drawn by different online users.

This thesis is an attempt towards the evaluationthef performance of the online
handwritten Hindi numerals character recognitiostesm from the perspective of their
invariance property to image transformations intigdscale, translation and rotation
using Zernike Moments. The invariance property efridke moment was used in the
recognition of online handwritten Hindi numeralsar\us image samples were collected

from different users online and their Zernike motsenmere calculated. The accuracy of
reconstructing the image for Hindi numerals froJ-Z" at various order of moments

(n) and repetition of ordem{) was calculated and found to be maximum at order o
moment ) = 25 with repetition of ordernf) = 9. The accuracy of reconstruction was
found to be 99.9999 %.

Therefore, an order of momem) (= 25 with repetition of ordernf) = 9 could be

proposed as the best combination for reconstructidtindi numerals from J-Z".
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6.2 Future Research

In this thesis, the main focus of research waserHindi numerals’ image from the view
of the character image transformations of scadéstation and rotation. The accuracy of
reconstruction have been tested and obtained #9%®% for 10 different user's
handwritten Hindi numerals, so for obtaining higlecuracy more number of test users
can be taken. The evaluation of the invariance gugpof Hindi numerals under the
transformation at real time will be of great int&réor the future research, because it is
very common that the angle of the handwritten ssokan be changed during the
character image acquisition. Computation of thdeanrgnge of the handwritten stroke to
keep the property of the Hindi numerals invariant make the two dimensional model

based character object recognition system morébfeand reliable.

Another research interest will be on the characbeiges degraded or blurred by various
reasons. In this thesis, we researched differeapesh of handwritten numerals by
different users, but still the character image &itjan process could be affected by other
factors such as looping of shapes, gesture of handsatmospheric surrounding. This
feature of Zernike moment can be used in Hindi ati@rs recognition and also in
multilingual character recognition. Exploration tfe blur-invariant Hindi numerals
image features based on these character imagdaanisaor some other algorithms will

make the recognition systems more reliable andsiobu
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Appendices A

BINARY IMAGES

Binary images are images that have been quantizésa values, usually denoted 0 and
1, but often with pixel values 0 and 255, represgnblack and white. Binary images are
used in many applications since they are the sishyte process, but they are such an
impoverished representation of the image infornmatibat their use is not always

possible. However, they are useful where all ti@ermation you need can be provided by

the outline of the object and when you can obtiaéndutline of that object easily.
Some sample application domains include

- ldentifying objects on a conveyor, for example tisgrchocolates,
+ ldentifying orientations of objects, and

+ Interpreting text.

Sometimes the output of other image processingitqubs is represented in the form of
a binary image, for example, the output of edgedain can be a binary image (edge
points and non-edge points). Binary image procgssathniques can be useful for
subsequent processing of the output images. Bimaages are typically obtained by

threshold a grey level image.

Pixels with a grey level above the threshold atasé (equivalently 255), while the rest
are set to 0. This produces a white object on a&kblaackground (or vice versa,
depending on the relative grey values of the olgect the background). Of course, the
‘negative' of a binary image is also a binary imag®aply one in which the pixel values

have been reversed.
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Analysis of Binary Images

We wish to determine various attributes of the cisjen the scene with the aim of using
these to identify the objects and to determiner thesition and orientation. We define the

characteristic function of an object in an imagé¢o

b( y) —J) =1 for points on the objec
XY= =0 for background pot ¢

b(x,¥)=0

Figure 4:A binary image

Now consider the image to be continuous (thabifiave infinite resolution). Thereais
given by the 8 moment of the object:

A:jjb(x, y) dxdy

Thecentre of massglenoted bfpz, S/) is given by the 3 moments of the object:

- J[xb0x y dxey

- - _[[yn(x y dxay
b(x, y) dxdy

Y= [[b(x, y) dxdy
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Generally we use the axis of minimum inertia of tigect to identify the orientation.

This is the axis of least®moment.

—
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—_— -
I
axis of grientation

Figure 5: The B moment is the area of the object: tiemoment gives the centre of

mass: and the"2moments give the axes of orientation.

We want to find the line for which the integral
I =”r2b(x,y) dxdy
is a minimum, where is the perpendicular distance froryy)) to the line we want to find

(see figure 6). The solution for the equation a$ fine is made more convenient if we

parameterize the line usingsind-yco¥+p = (

* (x0.x0)

_,——'_'_'_J-fﬂ

/~ :

cas €

/f—p sing % o
p P
> /
) N sin 8 J

v

Figure6: Parametrising a line by its angle withxkexis and its distance from the origin
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Thus we have to solve for th@ andpthat will give the axis of least second moment.

Why do we specify the line like this? Given thisuatjon we can write parametric

equations for points on the line as follows:

X, =—psin@+tcod

and

Yy, = pcosg+t sind
Wheret is the distance along the line from the closesttpo the origin. Given a point
(%, y) we need to find the closest point on the linghsd we can calculate the distance
which is given by (see figure & =(x—x,)*+(y— y,)>.We substitute fox, andy, to
getr? =x*+y?*+p?+2p(xsind-ycod » 2 k coé+ y si@ 4 £ What value of t

minimizes this expression?

Differentiating with respect tband equating the result to O gives xcosf+ y sind.So
we substitute this back into a parametric equdbomg andyy. This gives
X=X, = X—(—psingd+ (xcoY+ ysird )cob
=x+ psind- xcos 8-y sird cof
=X(1-cos @ + p sird—-vy si® cob
=xsin’ 8+ psind -y sird cod
=sin@d(xsind-y co¥+p ),

and likewise fory—y,. Thusr® can be written ag* = (xsind—-y cos9+ p §.This line

is the locus of points for whiah= 0. Hence, by Parametrising the line in this nesrwe
can obtain the distance from the line directly.

Solving for pand &

We now want to find thp and@that describe the line that minimizes distancegaifts

in the object to that line, that is, that minimit%ﬂ(xsin@— ycod+ o b (x,y)dxdy.
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We differentiate with respect tgpand set the resulting expression to 0, giving

I :jj(xsine—ycos9+p §b (x,y)dxdy= 0

Which isjustﬂxsineb(x, y) dxdy—ﬂ yeod b % ) dxdy”p b x ) dxey!(

Multiplying and dividing by A= '”' b &,y )dxdygives

jjxsmeb(x y) dxdy jj ycod b % ) dxdyjjp b x Y dxdy
jjb(x y) dxdy ”t@xydxdy jj ©,x)y dxdy

and this is jusA(;<sin6’— S/cos9+,o ¥ (, wherg(X, y)is the centre of mass. That is, the

axis of minimum 2d moment passes through the centre of mass

We now have to find the value éfthat minimized. To do this, we change coordinates
so that we are now working with respect to the cerftreass:

X = X - X

y = y-y
This simplifies the equation of our line tsind— yco¥+ 0= X sird—y cof and so

| :ﬂ(x'sine—y' cod §b (X ,y )dx dy=1 =asin’8-bsind coH+c cosd

Where

azﬂx'zb(x', y) dxdy
b=2[[Xyb(x, y) dxdy,
o= [ y*B(X, y) dxdy
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The constants, b, andc are called thesecond momentdf we use the substitutions

bsianosH:g sin® and cos@= 2cdd- ther

| =a(l-cosd c co%@—g sin@

= a+(c—a)co§t9—g sin®
(c-a_b

cosP+~——~-—_sin?
2 2

_ e (ca)

Thusl :%(c+a) ——;(a— c) cos 29—92 sin?d. We differentiate this expression with

respect todand set the result to 0, obtainirig—c)sin28-bcos?Z = 0 which implies

sinZZH: b?
cos ¥ @a-cf’

tan%za%c unlessb = 0 anda=c. Thus which implies that
sin“29 _ b’
1-si 2@ f-cYy

This is just a quadratic i8in® 29, so we see that it has solution

b _ x(a-0 .
————— ,and cos¥=———-—_When one chooses the positive
Jb? +(a-0? b® +(a-¢)?

solution, this minimize$; when one chooses the negative solution, this mizesl. In

sin 26 =

the case thab=0 anda=c we see thal is unaffected by the direction of axis of
orientation, that is, our object is rotationallyrayetric.

Imin

The ratio|,,, gives us some idea of how rounded the object i fEtio will be O for a

Im

line and 1 for a circle.
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Appendices B

HU INVARIANT SET

The non-orthogonal centralized moments are traoslatvariant and can be normalized
with respect to changes in scale. However, to eneiblariance to rotation they require
reformulation. Hu described two different methods producing rotation invariant

moments. The first used a method called principasahowever it was noted that this
method can break down when images do not have epgocipal axes. Such images are
described as being rotationally symmetric. The sdcmethod Hu described is the

method of absolute moment invariants and is diszlibsre.

Hu derived these expressions from algebraic inmgsiapplied to the moment generating
function under a rotation transformation. They ¢sinsf groups of nonlinear centralized
moment expressions. The result is a set of absaiitegonal (i.e. rotation) moment
invariants, which can be used for scale, positiand rotation invariant pattern
identification. These were used in a simple patteoognition experiment to successfully

identify various typed characters. They are conguli®m normalized centralized

moments up to order three and are shown bejow"” Hu invariant moment:

I, =m,+ m,,
o =(Mye=my,) + 41,
2= (Mg, —=3my,) +(3my,— my)°
s =(my,

My + my,)” +(m+ my)°

o =(myp=3my)(me+ m))| (gt m)’ -3( my )’ |+
(3m,~ mg) (my+ m)| 3( mg+ ) ~( mr )]

1= (Moo= )| (Mt m)" (e m)*+4 m( g ) mr )

86



Finally a skew invariant, to help distinguish mirrmages, is:

17 =(3my = my) (myg+ )| ( mgr m) -3( my )|+
(mo=3m,)(m,+ m)[3( me+ )" ~( m+ ]

These moments are of finite order, therefore, enlite centralized moments they do not
comprise a complete set of image descriptors. Hewevgher order invariants can be
derived. It should be noted that this method alsaks down, as with the method based
on the principal axis for images which are rotagilbnsymmetric as the seven invariant

moments will be zero.
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