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ABSTRACT

Human beings start recognizing digits, letters and symbols in very early stage of their
childhood. This tendency of human beings to recognize alphabets/characters develops
rapidly with the aging process. Though this natural process of recognizing alphabets or
objects by human beings is taken for granted but the complexity of recognition system is
realized when task of teaching the same is performed on a machine. Online Handwriting
Recognition (OHWR) system is one such area of research that has gained world-wide
attention of researchers. One main reason attributed to this popularity is that recognition
of online handwriting has a wide range of applications at the interface between man and
machine which ultimately facilitates easy way of giving inputs to the computer.

Recognition of online handwritten character for any script is a difficult task due to
problems posed by different handwriting styles of different writers, complexity of content
and different handwriting devices used by user. Extensive research in the area of
handwritten characters has made it feasible to recognize characters of English, Chinese,
and Japanese language. However, less attention has been paid to recognition of Indian
languages, especially, regional languages. A good number of methods have been
proposed for recognition of handwritten English characters. However, the development of
technologies is not at the same level for Indian scripts, especially Gurmukhi script which

is complicated in terms of its structure and writing style.

Hence, an attempt has been made in this thesis to provide online handwriting recognition
system for Gurmukhi script. Main objective of this research was to propose efficient pre-
processing, feature extraction and post-processing algorithms by introducing new
constraints/ steps/ parameters for the recognition of online handwritten Gurmukhi script.
Further, to validate the proposed algorithms targeting about 95% accuracy at character
level. For this purpose, a stroke based approach has been adopted for developing a
recognition engine for online handwritten Gurmukhi script. This approach made use of all
standardized steps, viz. pre-processing, feature extraction, recognition and post-processing

as required for designing a handwriting recognition engine.



The preliminary examination in this area made it clear that no public online handwritten
Gurmukhi character database was available to carry out recognition experiments. Hence,
creating a reliable and authentic database became a part of the current research work.
Raw data for online handwritten Gurmukhi words have been collected from 144 users
residing in Punjab. These users were categorized on the basis of their level of proficiency
in writing Gurmukhi script and were put in four categories. The handwritten words
collected from different writers have been formulated using different combinations of 35
characters, 9 vowel modifiers, 3 nasals, and 10 numerals of Gurmukhi script. A total
number of 39,871 sample words of Gurmukhi script were collected from different
category of users. From these collected samples 2,28,442 strokes have been collected. Out
of collected strokes, total 2,26,330 strokes have been annotated. All those strokes which
are identified and annotated are further used for training of LibSVM classifier.
Experiment results have been obtained by using the open source software LibSVM. For
LibSVM classification, Radial Basis Function (RBF) kernel has been used.

In this work, efficient pre-processing, feature extraction and post-processing algorithms
for recognition of online handwritten Gurmukhi script have been proposed. These
algorithms shall lead to the development of an efficient WI, open-vocabulary and cursive

writing recognition system.

In pre-processing, a new methodology of association of strokes has been proposed. Here,
association between different strokes has been targeted to form a character based on
positional coordinates and overlapping windows of strokes. A set of features that
represents a stroke of handwritten Gurmukhi script has been defined and analyzed. Cross-
validation has been used in this research work at 2-fold, 3-fold, 4-fold and 5-fold for three
engines, viz. Engine A, Engine B, and Engine C. New algorithms for post-segmentation
of stroke sets, sequencing of stroke sets and merging the stroke sets for post-processing in
handwritten Gurmukhi script recognition have been presented. Application of SVM has
achieved excellent recognition results for various pattern recognition problems. Under
current study, 95.6% recognition accuracy for Gurmukhi characters has been achieved.

An overall recognition accuracy of 96.8% has been achieved for Gurmukhi numerals.
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CHAPTER 1

MOTIVATION AND OBJECTIVES

1.1  Motivation

Presence of updated and sophisticated technology has changed the working style of
human beings and made them comfortable in different arena. Immense use of technology
in addressing different problems demands refined technology that may ease human
computer interface. Natural handwriting of user is an easy way to exchange information
between machine and user. World-wide researchers and academicians have indulged in
this area for more than four decades whereby they have endeavored to look for different
ways where a user can directly interact with computers instead of giving input through
keyboard or mouse as these devices have got their own limitations. A natural way of
communicating with computers that may facilitate instant command to computer system
is giving inputs through user’s own speech or input in the form of online handwriting.
Though recognition systems have achieved an edge yet there are some challenging issues
that need refinement in existing systems such as developing a speech recognition system
becomes challenging in noisy environment. Similarly, developing handwriting
recognition system is complex in terms of multiple languages available world-wide and

variations in handwriting style of users.

The challenges in developing Online Handwriting Recognition (OHWR) systems are
generally due to user’s style of holding pen, sentiments expressed by him during writing,
speed of writing, surface on which script is written and variations in handwriting style.
Many organizations have entered into this venture where they have introduced new
products like Newton™ from Apple; Personal Digital Assistants (PDA) from AT&T and
HP; and Google’s IME (Input Method Editor) API that facilitate online handwriting
recognition technology. During the last two decades advancements in digital technology
and its applications in different arena initiated a new wave of interest among researchers
for improving handwriting recognition systems. In this direction many achievements have

been reported where high accuracy has been achieved in presence of few constraints that

1



included writing style, small vocabulary size and writer dependency. Although these
constraints can help in improving handwriting recognition process considerably but an
efficient recognition system should involve the development of a technology that can
work in an environment which is free from all kind of constraints. Recognizing the
potential of online handwriting recognition technology for improving man-machine
interaction, present research work was initiated. This research study has been undertaken
to develop an efficient recognition system for online handwritten Gurmukhi script that
can perform its task in real time. As such, present research work aims to take handwritten
Gurmukhi character as input, process the input, train the Support Vector Machine (SVM)
to recognize the input and get the results in the form of Unicode version of input

character.
1.1.1 Applications of online handwriting recognition systems

Online handwriting recognition systems have a wide range of applications. Some of these
applications are: online form filling in census data collection and land acquisition
departments, dictation for official work in state government offices, teaching of a
language in educational institutes, messaging and news, publication and writing, and
online compliant filling for grievance handling in legal matters. This is worth mentioning
here that continuous efforts to improve the recognition accuracy and usability of
handwriting recognition system is required because of ever increasing use of computer
systems in various public and private sectors. A sophisticated online recognition system
with enhanced accuracy should give instant response with the help of system user

interface.
1.2 Objectives of research work

The main objective of this research work had been to propose a writer independent online
handwriting recognition system for Gurmukhi script. This research work was initiated

with the following broad objectives:

Q) To create an annotated dataset of 30,000 words of Gurmukhi script (including
2000 unique words) for training and testing the OHWR engine.



(i)

(iii)

(iv)

1.3

To propose efficient pre-processing, feature extraction and post-processing
algorithms by introducing new constraints/ steps/ parameters for the recognition of

online handwritten Gurmukhi words and numbers.

To validate the proposed algorithms using existing recognition algorithms

targeting about 95% accuracy at character level.

To develop a system for recognition of online handwritten Gurmukhi words and

numbers for its demonstration to the potential users.

Overview of Gurmukhi script

Gurmukhi script is used to write Punjabi language which is a widely spoken language of

northern India. This language is spoken as a native language by over 2.73% Indians.

Punjabi is also the official language of the Indian state of Punjab.

Gurmukhi script has many features similar to other popular Asian scripts such as

Devanagari and Bangla. Gurmukhi script consists of 35 basic characters, 6 special

consonants with /pairi bindi/, 9 vowel modifiers called /matras/, two symbols for nasal

sounds /bindi /and /zipi/, and one symbol which duplicates the sound of a long consonant
/adhak/ and 10 numerals (Nagra, 1988; Singh, 1995; Bahri, 2011).

Some of the features of Gurmukhi script are:

Gurmukhi script is cursive and written in left to right direction with top down
approach.

Most of the characters of Gurmukhi script have a horizontal line called head line
at the upper part. Characters in a word are connected by this head line, so there is
no vertical inter character gap in the letters of the word.

In online handwritten Gurmukhi script text, stroke is considered as the smallest
unit. A valid combination of strokes forms a Gurmukhi character/vowel. Further,
combination of character and vowel form akshara or word.

A word in the Gurmukhi script can be divided into three horizontal zones, viz.
upper zone, middle zone and lower zone. The upper zone denotes the region

above the head line where some of the vowels reside. The middle zone is the

3



eventful zone that represents the area below the head line, where consonants and

some part of vowels are present. The last zone represents the area below middle

zone where some vowels and certain half characters lie in the foot of consonants.

A statistical analysis of Punjabi corpus has shown zone-wise percentage

distribution of Gurmukhi symbols in printed text as: upper zone (25.39%), middle
zone (70.41%), and lower zone (4.20%) (Lehal and Singh, 2001). Figure 1.1

illustrates these three zones of a Gurmukhi word.

Gurmukhi Writing Zones

Upper zone: It contains headline, sub part of vowels /sihari/, /bihari/ and complete

vowels /lal, Idulawal, /hordl/, lkanairdl, Itipil, and /adhak/.

Middle zone: It contains all consonants and sub part of vowels /sihéri/, /bihari/ and one

complete vowel /kanna/.

Lower zone: It contains two vowels /aunkar/, /dulainkre/ and three symbols called

/pairian/ characters /hahd/, /rara/, and /vava/ to form conjunct consonants.

Headline YN\ Upper Zone
)_ d d-),)’ I Middle Zone
— Lower Zone

Figure 1.1: Three writing zones of Gurmukhi script

Gurmukhi character set

As mentioned above, Gurmukhi script contains 35 characters (three vowel bearers and

thirty two consonants). Table 1.1 depicts these characters. The vowel bearers are

expressed in bold face in this table.

Table 1.1: Gurmukhi Character set

54

loordl M lairal ¥ liril W [/sassad/ T /hahd/

d

/kakka/ 4 [/khakkhd/ a1 /gaggd/ w /kagga/ = [nanal

d

/chachchd/ & /chhachha/ = /jajjd/ s [cajhal =  /ndnd/

<

ltainkdl &  [Ithaththal 3 Idaddal < [Itadhdl <  [nénadl

4



3 ftattd/ g [thaththd/ = /daddd/ u ftadhd/ & /nannd/

y /pappd/ <€ /phaphphd/ g /babbd/ g /pabhd/ W /mammé/

¥ J/yayya/ g [rard/ % lallal = Naval 3 Ir&ded

There are six additional consonants created by placing a dot /bindi/ at the foot /pairi/ of

the consonant called /pairi bindi/ which are given in Table 1.2.

Table 1.2: Gurmukhi consonants with /pairi bindi/

H o ar H = 3]
[sassé/ /khakkha/ /gagga/ ljajja/  Iphaphphd/ Nall&/
pairi bindi pairi bindi  pairi bindi  pairi bindi  pairi bindi  pairi bindi

Gurmukhi vowel modifiers

Table 1.3 provides the list of ten Gurmukhi vowels. Gurmukhi supports two forms of
vowels: independent form and dependent form. Independent vowels do not require a

consonant, dependent vowels require it. All consonants use dependent form of vowel.

Table 1.3: Gurmukhi vowel modifiers

Independent m o ow £ & 8§ € & W & o
Dependent NA ot fo & o o 3 & & &

[ = = = us ©

=2 < = = |§ o = = _8 =

E < « 2 IS =] =) =~ _g

~ E ~ ~

withconsonant /lalled/ & & fg & ® B & & ¥ B

Nasalisation: /¢ipi/ and /bindi/

/<] Ifipil and /S/ [bindi/ are used for producing the velar nasal. These are used as

superscripts in the upper zone.

Gemination: /adhak/

The use of /<7 /adhak/ indicates that the following consonant is geminate. While writing a

particular character /adhak/ is introduced as superscript in the upper zone and is used

between the two consonants.



Gurmukhi Numerals

Ten numerals used in Gurmukhi script are presented in Table 1.4.

Table 1.4: Numerals in Gurmukhi script

o Q 2 3 8 Y g ko) t t¢
freg fEa < EG) EIG) ur 5 A3 ) &
[sifar/ [ikk/ /do/ ftinn/ [char/ [panj/ [chhe/ [s&tt/  [athl  Inaul

Zero One Two  Three Four Five Six Seven  Eight  Nine

1.3.1 Standard way of writing the Gurmukhi script characters

A Gurmukhi character is written in a particular pattern. It means that the pen movement

has to be in a specific order to form a character. Table 1.5 provides detail on required pen

movements in order to form each Gurmukhi character. Dot (¢) shown in each character

describes the initial point for pen movement for writing that particular character.

Table 1.5: Correct way of writing the Gurmukhi character

) —+ - - —+
=k { W[t BN N
KIQ) ” L x —+
TETYE
_:- K 4 : \-U_’-J‘ é#
N, c@m I 3 > ¢
czi CEOS‘-‘ -&55 %a c@




GEEHI O
SHITUT

1.3.2 Difficulties in recognition of online handwritten Gurmukhi script

In handwritten Gurmukhi script, one can use head line to join two or more characters.
This head line needs to be segmented for associating this to the relevant characters. This
problem of segmentation in Gurmukhi script is entirely different from other common
scripts such as Latin, Phags-pa, and Arabic. In Latin script, each character composing a
word does not share the pixels in horizontal direction. But, in Gurmukhi script, two or
more characters/symbols of a word may share the pixels in horizontal direction.

Following are some of the difficulties that arise in recognition of Gurmukhi script:

e A writer may not make the use of head line to join the characters as their writing

style allows them to avoid its use, as shown in Figure 1.2.

33 23T

(a) (b)
Figure 1.2: Illustration of Gurmukhi word /g3 d/ written (a) without head line,
(b) with head line
e Handwriting style of a user affects the number of strokes one uses to form a
character/ akshara/ word. Some individual uses one stroke to write a character

whereas others may use multiple strokes to write the same character as shown in



Figure 1.3 for the Gurmukhi akshara /&1/. Gurmukhi script consists of a good

number of such characters with a high degree of variation.

Strokes Grouping of strokes Akshara
s o— 9 = B 1 = 7
+ +
(@)
“on — 1 = B 1 = A
+ + +
(b)
o + (J +~ + ? = 7 + ? = ﬁ
(©

Figure 1.3: Illustration of grouping of single, and multiple strokes for formation of
Gurmukhi character /&/. (a) The akshara /lee/ /&Y Nalla + bihari/ composed of single
character /lalla /, and /bihéri/. (b) and (c) The akshara /lee/ /&1 Nalla + bihari/ formed

with multiple strokes for character /lalla / and single stroke for /bih&ri/

One other difficulty associated with recognition of Gurmukhi script is that there
exists characters in this script that are similar in their shape. Table 1.6 portrays the
combinations of such Gurmukhi characters. In Gurmukhi script, there are six
consonants which are just distinguished by a dot /pairi bindi/ in the lower zone. A
minor variation or noise in writing this dot /pairi bindi/ will make it difficult to

identify the correct character written (Singh et. al., 2013).

Table 1.6: Similar characters in Gurmukhi script

1 Yand Y 2 dl and dT

3. Hand H 4. gcand ©

5. & and & 6 G and €

7. Sand & 8 Mand W

9. 3,3, Tand J 10. g, d,%and <
11. U, Y, 9and T 12. Hand o
13. Hand H 14. Tand ¥
15. Jand d 16. Hand ¥
17. Zand ©




One more problem associated with Gurmukhi handwriting recognition is slanted
writing style of a user. Figure 1.4 describes how a particular word in Gurmukhi
script is written in slanted way by a user which poses the problem in recognition

process.

_—
/,D..%/A Upper Zone

TACTETT

- Lower Zone

Figure 1.4: lllustration of slant handwriting

The problem of sequencing and merging also arises in Gurmukhi script
recognition. It is possible that all input strokes belong to same character.

However, sequence of input may be different which creates difficulty in merging

them to form the desired character. The Gurmukhi word /faams/, as shown in
Figure 1.5, can be written in seven strokes. One can write the vowel modifier (ft)

as the last stroke. This, however, should be merged with first stroke for correct

recognition.

7
o— d_lc‘_®
TN

Figure 1.5: Illustration of sequencing problem in handwriting

Some writers are habitual of writing Gurmukhi words in a pattern that they write
the first character of the word significantly large and as they proceed further the
size of next characters written keep on reducing. This problem of writing

Gurmukhi script is presented in Figure 1.6.



¢

Figure 1.6: Gradual size reduction problem

Yet another problem in Gurmukhi script recognition is that a given set of strokes
may Yield different characters. For example, /u/ and /=/ will give /d/ or /al.

Handwriting is the consequence of a complex control process that is activated by
muscle contraction. Different users have different styles of writing; even there are
left hand users. These variations are geometrical in nature. The geometrical
properties including position, size, aspect ratio, retraces, slant, and number of
strokes can be associated with a character. Variations may also occur in writing
due to material written at different times, different documents and even using
different instruments. The difference between these variations is generally not

very high and this mostly depends upon circumstances.

Figure 1.7 exhibits a few samples of alphanumeric characters of Gurmukhi script
collected from different writers. It provides an overview of how an individual
writes the same characters and numerals with variations and thus results into

different handwriting styles.

Writer 1 AN h‘é\ 23-/9/%)1.'

oM Tt 28/ 5/ atoy
Writer 2 m h& ‘10 ’ tl ‘L'E’]t
GLLALE] Qo /t/atot
Writer 3 m\ﬂé\ 23/&/35@0
oH 3t a3/t /atgo

Writer 4 Vi /477} £2/ 85 /1522
weH st

Qo /qa/atoo
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Writer 5 W‘)")T P}/B_? ?U—— Lc - 75711

AoH it Qu-—t —atoy

Figure 1.7: Samples of alphanumeric characters of Gurmukhi script taken
from different writers

1.3.3 Classification of OHWR systems

Based on the training methodology, OHWR systems can be classified into two categories:
Writer Dependent (WD) systems, and Writer Independent (WI1) systems. The systems that
are able to recognize handwritten text of the user(s) who were also used to train the
system, are WD systems, and the systems that are able to recognize handwritten text of
the user(s) who were not involved in the training process of the system are WI systems.
Apparently, WD recognition systems have achieved higher recognition accuracy than WI

recognition systems (Subrahmonia and Zimmerman, 2000).

Vocabulary is an important aspect that determines how accurately a handwriting
recognition task can be completed. Closed-vocabulary recognition system refers to
recognition of words which are available in a pre-determined dictionary. The dictionary
size is arbitrary. Open-vocabulary recognition refers to recognition of words without the
constraint of being in a dictionary which are also known as Out of Vocabulary (OOV)
words (Vertanen, 2008). Recognition process is smoother and easier in case of closed-

vocabulary systems when compared with open-vocabulary systems.

Handwriting process can further be constrained and we can restrict the space on which
user writes. Constrained handwriting is boxed discrete and spaced discrete in nature.
Unconstrained handwriting is cursive or mixed cursive in nature. In boxed discrete
handwriting, each character is written inside a special box whereby, each character is
written separately with space and no character touches other character. In cursive
handwriting, characters in one word are connected and strokes are used more than once in
individual character. It is a difficult task to recognize cursive handwriting due to large
amount of variability. Each writer is having one’s own speed of writing and uses different
shapes to represent characters. Also, in cursive handwriting no clear boundaries are

specified between characters to distinguish between them.
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1.4 Contribution of the present research work

Present research work includes design and implementation of an online handwritten

Gurmukhi script recognition system. The main contributions of this research work are:

e In this work, efficient pre-processing, feature extraction and post-processing
algorithms for recognition of online handwritten Gurmukhi script have been proposed.
These algorithms shall lead to the development of an efficient WI, open-vocabulary
and cursive writing recognition system.

e In pre-processing, a new methodology of association of strokes has been proposed.
Here, association between different strokes has been targeted to form a character
based on positional coordinates and overlapping windows of strokes. Further,
algorithms for normalization and centering have also been improved for strokes with
low slope using scaling factor.

e A set of features that represents a stroke of handwritten Gurmukhi script has been
defined and analyzed. These features are: positional features of a stroke, pre-
processed coordinates, reversed pre-processed coordinates.

e In classification phase, SVM classifier has been used. A comparative analysis has
been conducted for stroke recognition for 96 classes.

e New algorithms for post-segmentation, sequencing, and merging for post-processing
in handwritten Gurmukhi script have been presented.

e Slanted strokes have been managed with the help of association rule.

e A methodology has been proposed for removal of noise and partial strokes present in
online handwriting.

e Designed an efficient algorithm for online handwritten Gurmukhi character
recognition that achieves a recognition accuracy of 95.6% for Gurmukhi characters.

e Real time post-processing has been implemented. For every new stroke, post-
processor forms the new character instead of forming the character at the end of all

input strokes.
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1.5 Outline of thesis

The thesis on this work is divided into six chapters. A brief outline of these chapters is

given below.

This chapter provides discussion on motivation behind the proposed research that
worked as a driving force to pursue the study on recognition of online handwritten
Gurmukhi script. Further, this chapter comprises of an overview of broad features of
Gurmukhi script; major issues in handwriting Gurmukhi script; and the complexities in
recognition process due to these issues. Finally, contribution of the present research work

has also been presented.

In second chapter, a comprehensive review of literature on various stages involved in
online handwriting recognition process has been presented. This chapter is divided into
six sections. Section 2.1 contains the literature on the recent developments in data
collection activity. Techniques involved in pre-processing are discussed in Section 2.2 of
this chapter. Literature on feature extraction techniques from handwriting data is
reviewed in Section 2.3. Different strategies for recognition process are reviewed in
Section 2.4. The literature related to post-processing is presented in Section 2.5. Last
section of this chapter, Section 2.6 provides a brief review on recognition accuracy results
obtained in the field of handwriting recognition for various Indian scripts.

Third chapter explains methodology used and system designed for carrying out this
research work. This chapter also explains handwritten data acquisition from 144 Punjabi
writers. A total number of 39,871 words have been collected in this work. From these
words, 2,26,330 number of strokes were identified and annotated. This chapter has been
divided into four sections. Section 3.1 presents proposed framework, and also the novelty
of this framework. Section 3.2 describes the process of collection of handwritten
Gurmukhi words written by different users. The annotation process provides a list of
strokes in Gurmukhi script along with their class, zone and characters which use that
particular stroke. Section 3.3 introduces the SVM classifier, in brief. Section 3.4 describes
the test data for recognition of characters, numerals, aksharas and words for Gurmukhi

script.
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In Chapter 4, a modified algorithm for normalization of horizontal and vertical bars has
been proposed. This chapter also explains the association rules proposed in this work. An
algorithm for finding the zone for a stroke based upon raw points has also been included
in this chapter. This chapter is divided into five sections. Section 4.1 provides preliminary
analysis of a stroke. Extraction of coordinates for input stroke and their overlapping with
adjacent strokes has been discussed here. Section 4.2 explains proposed algorithms for
association of strokes which is an important prerequisite before pre-processing phase.
Three steps, viz. schema for stroke association, set of associated strokes and reductions of
associated sets have been discussed in this section. Section 4.3 gives an overview of pre-
processing phase. This section explains the phases of pre-processing, viz. removal of
duplicate points, size normalization and centering, interpolating the missing points and
resampling. Section 4.4 explains the zone identification technique for online handwritten
Gurmukhi script. Finally, details of feature extraction techniques from online handwritten

data have been discussed in Section 4.5.

In Chapter Five, recognition and post-processing phases for Gurmukhi script have been
discussed. This chapter briefly explains the LibSVM used for recognition and proposed
algorithms for post-processing. This chapter has been divided into six sections. Section
5.1 introduces and compares different LibSVM recognition engines. In this study, on the
basis of writing zones of Gurmukhi script, strokes classes were divided into three zones,
viz. upper, middle and lower zones. Three recognition engines have been designed and an
accuracy of 98.7%, 96.7% and 100.0%, respectively, for these zones has been achieved.
An accuracy of 95.3% could be achieved when we combine the classes in three zones
using 5-fold cross validation. Section 5.2 describes the rule book pertaining to Gurmukhi
characters, nasals, vowels and numerals formation with their possible combination of
classes and corresponding weight. Section 5.3 includes proposed algorithms for post-
segmentation of stroke sets, sequencing of stroke sets, and merging the stroke sets that
help in final recognition process. Section 5.4 addresses the problem of ambiguity during
the recognition process and how these issues have been resolved. A brief demonstration
of recognition process about characters, numerals, aksharas and words formation has been
provided in Section 5.5. An accuracy of 95.6% has been achieved in this work for
Gurmukhi characters formation and accuracy of 96.8% has been achieved for numerals

discussed in Section 5.6.
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Chapter six contains the concluding remarks from the results obtained in this research
work. Future scope and limitations of proposed research have also been discussed briefly

in this chapter.
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CHAPTER 2

REVIEW OF LITERATURE

With the advent of upcoming technology and increased demand for user friendly interfaces,
handwriting recognition process has attracted the world wide researchers to propose new and
efficient methods in this area. Most of the research work in this field has been done for
English, Chinese and Japanese languages (Plamondon and Srihari, 2000; Nataneli and
Faloutsos, 2007; Wang et al., 2012). Designing a recognition system for handwritten
characters of various indic and non-indic scripts has been discussed by various researchers
that included Arabic, Persian, Bangla, Devanagari, Oriya, Gujrati and Kannada characters
(Almuallim and Yamaguchi, 1987; Roy et al., 2004; Pal et al., 2007a; Rajashekararadhya and
Ranjan, 2008; Bhattacharya and Chaudhuri, 2009; Alaei et al., 2010; Rampalli and
Ramakrishnan, 2011; Bhattacharya et al., 2012). Among Indian scripts, a good amount of
research work has been done for Devanagari script as it is the national language of India and
spoken by a large population in India (Pal et al., 2007b). Some research work on handwritten
Gurmukhi characters is also available in literature (Lehal and Singh, 2000; Sharma et al.,
2008; Jhajj and Sharma, 2010; Sachan et al., 2011). This chapter provides a brief on existing
research studies available in this field and the approaches used in these studies at different

stages of handwriting recognition process.

The widely used process of recognizing online handwritten characters includes the sequential
steps: data collection, pre-processing, feature extraction, segmentation, recognition and post-
processing (Impedovo et al., 1991; Chan and Yueng, 1999; Jaeger et al., 2001; Zanibbi et al.,
2002; Koerich et al., 2003; Sharma and Jain, 2010; Pardeep et al., 2011). These standard
phases of recognition process are carried out in such a way that output obtained from the
previous phase becomes the input for the next phase. Figure 2.1 describes the architecture of
handwriting recognition process which shows the standard phases of the handwriting
recognition process. Literature on the procedure of data collection and annotation is

discussed in Section 2.1. Methods involved in pre-processing are reviewed in Section 2.2 of



this chapter. Pre-processing includes the steps that are necessary to bring the input data into
an acceptable form for feature extraction. Hence pre-processing of data provides the base for
feature extraction. Literature on feature extraction for representation of online handwriting
data are reviewed in Section 2.3. Approaches for recognition are reviewed in Section 2.4.
Steps involved in post-processing are reviewed in Section 2.5. Last section of this chapter,
Section 2.6, presents recognition accuracy results obtained in the field of handwriting

recognition by various researchers.

Data acquisition and annotation

|

Noise and duplicate points removal
5D Size normalization and centering
;i Interpolating missing points
g’ Resampling
=4 Smoothing
£ Slant correction
Feam,re Low level / High level features
extraction |
Classifier Classifier for handwritten strokes
s S 1
- I
£Z . I
. o Stroke Grouping | Relaedto
Osl-processing I T : orthography
I :
I Character formation :
:_ I
s I
| A ; 2 |
| Word formation |
| |
| | [
| | Related to
: Sentence : language
| |
| I |
: Paragraph :
| |
. I .
| |
I Page :
I
|

Figure 2.1: Architecture of handwriting recognition process
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2.1 Data acquisition and annotation

First step in the direction of handwriting recognition process is to collect data from diverse
users. This step requires a transducer that will capture the writing. Electronic tablet or
digitizer is the most commonly used device that uses a digital pen (stylus) to collect
handwriting data. When we use a digital pen to write data, two movements are recorded, viz.
Pen-Down and Pen-Up. These pen traces are sampled at constant rate, therefore these pen
traces are evenly distributed in time and not in space. When a user moves digital pen on the
writing pad, the time sequential signal captures the dynamic positions of the pen, i.e.,
sequence of consecutive points on x-y plane in the form of coordinates with the help of
sensors attached to the pad. However, in recent time DigiMemos are also used to collect data
for handwriting samples which do not require any special kind of pen. Examples of
electronic tablet or digitizer include Personal Digital Assistant (PDA), cross pad (or pen
tablet), tablet PC and DigiMemo.

For successful completion of this phase, an attempt should be made to capture a good amount
of variation with respect to category of writers and handwriting styles of writers. Jaegar et al.
(2003) and Nakagawa and Matsumoto (2004) have described the process of data collection
for Japanese language where input data of handwritten Japanese characters are captured in
boxes. As such, segmentation was not required in their work. Handwriting data collection for

French language is discussed by Viard-Gaudin et al. (1999).

Bhaskarabhatla et al. (2004) and Agrawal et al. (2004) have discussed few issues in data
collection. They have suggested that for data collection, it is desirable to categorize different
styles of writing a character and obtain a minimal set of characters and words in the writing
of a particular script. After this initial identification, data collection of handwritten samples

should start.

Following data collection, it is necessary to accurately assign labels to the collected
handwritten data. Decision on selection of the kind of input device we want to use for

recognition process is mainly based on compatibility with operating system in use, active
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area dimensions and report rate of pen movements. A good number of tools are available that
assist in the collection and annotation of handwritten data (Bhaskarabhatla et al., 2004;
Vuurpijl et al., 2004; Madhvanath et al., 2006; Kumar et al., 2006; Balasubramanian, 2006).
The first PDA, Organizer was released in 1984 by Psion. Common personal digital assistants
available in the market are Acer N Series, Apple Newton, Dell Axim, HP iPAQ, HP Jornada
Pocket PC, iPAQ, Philips Nino, Sony Magic link with the Magic Cap operating system,
Toshiba €310, Palm Taxi aka Palm-Pilot, Handsrping Visor, Tungsten E2, PalmPilot
Personal and PalmPilot Professional.

An interesting area explored by researchers in this direction is automatic generation of
handwritten data. Hollerbach (1981) discussed oscillation theory for measurement of human
writing and for this purpose developed an acceleration and position measuring apparatus.
Helmers and Bunke (2003) introduced three different methods for synthetic generation of
handwritten text. They also discussed models for handwritten characters in five Indian
languages for which they collected 12000 words from 5 writers. Other similar studies on
developing models for handwriting data collection are discussed by Hollerbach (1981),
Morasso and Ivaldi (1982), Plamondon and Maarse (1989), and Plamondon and Guerfali
(1998).

2.2  Pre-processing

When input of data is done using a writing pen on digitizer tablet, few limitations like noise
and distortion in input data makes the recognition process difficult. Pre-processing serves
many purposes that make the recognition process smooth and easy. It is used for removing
noisy artifacts from handwriting and also helps in correcting imperfections (Guerfali and
Plamondon, 1993). Pre-processing stage intends to provide a uniform representation that aim
at enhancement of improving the classification accuracy of recognition process. During
online handwriting recognition process, pre-processing phase is helpful to remove noise or
distortions present in input data due to hardware and software limitations (Govindaraju et al.,
1997; Subrahmonia and Zimmerman, 2000). Such limitations of noise or distortions include

abnormal size of text, missing points due to fast writing with the pen, jitter present in text,
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slant handwriting and uneven distance of points from adjoining positions. In addition to this,
pre-processing is also useful to reduce the information content of the online handwritten

signal (Guerfali and Plamondon, 1993).

Variation in handwriting style, way of holding the pen and writer’s sentiments affect his
writing style. These issues ultimately cause the problem of noise and make the recognition
process complicated. Various forms that witness the presence of noise in the input text
include sharp edges, irregular sizes of text, non-centered text and missing points in text
trajectories (Beigi et al., 1994a; Jaeger et al., 2003). Pre-processing stage has been admitted
to be an important phase of recognition process that improves overall recognition rate (Jaeger
et al., 2001; Slavik and Govindaraju, 2001; Huang et al., 2007). Recognizing the importance
of this phase many researchers have endeavored to describe its challenges from time to time
for various scripts (Guerfali and Plamondon, 1993; Beigi et al., 1994a; Beigi, 1996; Nagy,
2000, Wink and Roerdink, 2004; Malik and Khan, 2005; Javed and Hussain, 2009). In the
forthcoming sub sections important steps of pre-processing have been discussed which

include:

¢ Noise removal

e Size normalization and centering
e Interpolating missing points

e Smoothing

e Slant correction

e Resampling of points
2.2.1 Pre-processing for noise removal

The presence of noise is a common problem faced in handwriting recognition process. This
problem surfaces due to hardware limitations, limitations of the digitizing process, crooked
hand motion and imprecisions of pen-down indication. This section reviews the literature on

noise removal steps including de-hooking, smoothing and wild point correction.
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The problem of hooks results from skidding of pen in a particular direction. This problem is
found at the start or end of handwritten character. This problem usually emerges with the
habitual writing style where the writer has tendency to write character and end it up by
skidding the pen. This problem is characterized by large angular variations and poses a major
hurdle for feature extraction due to erratic hand motion in placing the stylus on or lifting it
off the tablet accompanied by inaccuracies in pen-paper contact detection (Guerfali and
Plamondon, 1993). De-hooking algorithms eliminate the problem of hooks identified at the
beginning, but more frequently at the end of strokes (Mandler, 1987; Daifallah et al., 2009).
Smoothing of data is required to remove jitters in the handwritten character which is
generally the result of roughness in the pen tip or surface used for writing handwritten
characters (Kavallieratou et al., 2002). Daifallah et al. (2009) performed smoothing with the
proposed low pass filter algorithm to reduce noise for online Arabic handwriting recognition
process. Finally, wild point correction removes an occasional spurious point which is
generally caused by the hardware problem. Speed of hand motion is restricted by the forces
of muscular contraction and the masses of hand and pen. Hence, high speed can detect wild
points as spurious lines in the input pattern (Tappert et al., 1990). Malaviya et al. (1993) have

explained use of fuzzy features to identify wild points.
2.2.2 Size normalization and centering

The handwritten characters involve a great deal of variability. Normalization aims at the
elimination of intra-class variability. In order to obtain uniformity in representation, process
of normalization involves regularization of position, size and shape. Size normalization step
adjusts the character size to the required standard (Brown and Ganpathy, 1983).
Normalization is required as the size of handwritten character will vary from person to
person and even with same person from time to time. Reason for this variation in the size of
the input stroke is because output of handwritten character depends on the movement of the
pen, the writing pad and also on the writing style. Size normalization normalizes every stroke
to the same size and centered to a constant frame and places the text at a fixed distance from

the origin. Centering is required when pen is moved along the border of the writing pad. The
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use of size normalization techniques in online handwriting recognition has been discussed by
Beigi et al. (1994a) and Daifallah et al. (2009). Kim (1983) explained the baseline
orientation or baseline drift and used this to implement normalization. Bengio and Cun
(1994), Brakensiek et al. (2002) and Pastor et al. (2004) discussed the approach of size
normalization. Jhajj and Sharma (2010) also adopted size normalization where they used
48x48 size normalized image of Gurmukhi script characters and created 64 (8x8) zones.
Yamada et al. (1990) discussed entirely different approach for normalization. They
introduced non-linear normalization that aims to equalize the line density in order to exploit

the area within the bounding box of the character.
2.2.3 Slant correction and resampling

Hollerbach (1981) discussed the issue of slanted handwriting, especially in the case of writers
with cursive handwriting style. Researchers have focused on slant correction with an aim to
reduce variations in a script and enhance the quality of segmentation (Madhvanath et al.,
1999; Yimei et al., 2000; Slavik and Govindaraju, 2001). Cheriet et al. (2007) argued that in
order to solve slanting problem, slant angle 6 is to be measured and horizontal shear
transform is to be applied on all the pixels so that handwritten character may be shifted to
right or left. Slant correction is applied for size normalization of the input words that usually
occur due to variation in handwriting style (Uchida et al., 2005). Existing literature provides
deskewing algorithms for slant correction (Brown and Ganpathy, 1983; Burr, 1983).
Deskewing restricts the projection of non-diacritic characters on the x-axis to be spatially
separable and involves the absolute segmentation of characters especially in case of cursive
word (Tappert, 1982). Histogram of directions of pen movement while writing a character
gives the basic estimation of slant of handwriting. However, the main techniques for slant
estimation and correction are projection method, run length based technique, generalized
chain code estimator and extreme method (Bozinovic and Srihari, 1989; Guillevic and Suen,
1994; Negi et al., 1995; Simoncini and Kovacs, 1995).

Resampling of points involves the points in the list to be equidistant from neighboring points

where data points are considered from the original points in the list. Equidistant resampling is
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done to bring each stroke at equal intervals in space along with its trajectory. Aparna et al.
(2004) described one dimensional linear interpolation technique that can be used as a
procedure for uniform resampling. EXxisting literature provides detail on resampling
techniques with emphasis on retaining information about corner points (Brault and
Plamondon, 1993; Pavlidis et al., 1997; Huang et al., 2000; Kobayashi et al., 2001).

2.2.4 Segmentation

Segmentation task can be performed before or after pre-processing. Segmentation can be
classified into two categories, viz. external segmentation and internal segmentation. If
segmentation is performed before recognition phase it is known as external segmentation
(Maier, 1986) whereas segmentation when performed concurrent to the process of
recognition, it is known as internal or implicit segmentation (Tappert, 1982; Caillault and
Gaudin, 2006). External segmentation offers greater interactivity, reduces computation and
provides simplicity in recognition process (Tappert et al., 1990). Casey and Lecolinet (1996)
reviewed the research on segmentation and suggested that segmentation methods can be
classified into four categories, viz. classical, dissection, hybrid, and holistic. They have
inferred that segmentation is dependent on local topological as well as global contextual
information. In addition to this, many researchers have classified segmentation methods
based on their findings and experiences. Dunn and Wang (1992) presented their research
findings on segmentation and divided segmentation techniques as: straight segmentation and
segmentation-recognition. Lu and Shridhar (1996) discussed segmentation for hand-printed
words, handwritten numerals and cursive handwritten words. Casey and Lecolinet (1996)
divided their survey on recognition into four categories as dissection technique, recognition-

based segmentation, over segmentation and holistic segmentation.

Gaillit (1974) discussed this concept and provided that segmentation can be obtained as
horizontal difference between the characters. Further, Fox and Tappert (1987) discussed the
use of both spatial and temporal information for the purpose of character segmentation. Many
researchers have argued that segmentation task has been more tough in offline handwriting

recognition process compared to online handwriting recognition (Casey and Lecolinet, 1996;
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Lu and Sridhar, 1996; Elnagar and Alhajj, 2003). Plamondon and Srihari (2000) conducted a
survey on handwriting recognition systems where segmentation task has been discussed and
compared for offline and online handwriting recognition systems. Generally, study on
segmentation for offline handwriting recognition system is valuable to comprehend
segmentation in online handwriting recognition system because a common task of word level
segmentation exists in both offline and online handwriting recognition systems. Ha et al.
(1995) studied mathematical expressions and proposed the use of x-y cuts as bounding boxes
to separate the symbols. These x-y cuts proposed by them were used as horizontal projection

cuts and vertical projection cuts, as illustrated in Figure 2.2.

Figure 2.2: Projection cut for segmentation [Ha et al., 2005]

During 1990s researchers conducted many studies on Integrated Segmentation and
Recognition (ISR) based approaches which used neural classifiers to decide on the proper
segmentations of numeral strings (Keeler et al., 1991; Matan et al., 1992; Martin et al.,
1993). An important method of segmentation was proposed by Keeler et al. (1991). They
named it as integrated segmentation and recognition method, which utilizes neural network
architecture. It is also called as Self Organizing Integrated Segmentation and Recognition
(SOISR) method. Matan et al. (1992) provided a segmentation technique based on a Space
Displacement Neural Network (SDNN). They proposed a new method that removes the

problems of excessive or repetitive use of the recognizer across the input data as was
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common to traditional techniques of ISR. Yanikoglu et al. (1998) provided a novel algorithm
for segmentation that involved the global characteristics of handwriting. Under this technique
they obtained sequential segmentation points by assessing a cost function at each point along
the baseline. Blumenstein and VVerma (1999) proposed a new algorithm for segmentation that
initially over-segments handwritten input data by using heuristics and feature detection.
Nicchiotti and Scagliola (2000) discussed a method of segmentation for cursive handwriting
which assumes the base of handwritten profiles and extraction of white holes for the purpose
of segmentation.

Lehal and Singh (2001) discussed text segmentation of machine printed Gurmukhi script and
provided solutions for the difficulties related to connectivity of the characters on the
headline, crossing between two or more characters in a word, multi-component characters
and touching characters. Elnagar and Alhajj (2003) discussed a new approach of
segmentation based on separating single touching handwritten digit strings. Important
segmentation points are estimated based on decision line that is assumed from the deepest or
highest valley in the image. The partitioning track is determined exactly and then the
numerals are separated before restoration is applied. Shin (2004) provided a structural
analysis algorithm that searches globally for important points of segmentation on a character
unit level. Most important benefit offered by his approach is that it can cope with large
variations in stroke shape and position. The search for key segmentation points is performed
in a very systematic and logical manner with the help of two-level dynamic programming
matching algorithm in conjunction with syntax control of composition characteristics. Jindal
et al. (2007) proposed some new algorithms for segmentation of horizontally overlapping
lines and applied this technique on Indian scripts. For this purpose they divided the whole
document into strips and then proposed an algorithm for segmentation of horizontally
overlapping lines and associating small strips to their respective lines. Their algorithms

achieved 96.5% to 99.8% accuracy for different scripts.
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2.3  Computation of features

Identification of appropriate features is an important step in handwriting recognition process
(Suen et al., 1980; Impedovo et al., 1991; Gader and Khabou, 1996; Jinhai and Liu, 1999).
Devijaver (1982) argued that for successful recognition of characters, the features extracted
should be beneficial for minimizing within-class pattern variability and at the same time
maximizing between-class pattern variability. Research on feature extraction for different
scripts is being carried out since more than three decades. However, special emphasis has
been put on this phase during last decade. Joshi et al. (2005) proposed and discussed
effectiveness of structural features for online handwritten Devanagari characters recognition
process. Al-Taani (2005) introduced feature extraction steps in his study on recognition of
online handwritten digits in Arabic language. Vamvakas et al. (2007) discussed statistical
and structural features for Greek handwritten character recognition. They used zoning,
projections and crossings among statistical features whereas end point, loop, radial histogram
and crossing points have been discussed under structural features. Many pieces of research
work on feature extraction have concluded that high accuracy results of recognition can be
achieved with appropriate features selected (Tier et al., 1996). Sharma et al. (2009)
introduced recognition algorithms for four high-level features of Gurmukhi strokes that
included loop, headline, straight line and loop. They conducted experiments across 60 writers
and 5%, 3.3%, 6.7% and 8.3% improvements have been observed for recognition of loop,

headline, straight line and dot features, respectively, after using preprocessing algorithms.

Researchers have proposed wide range of features for character recognition process that
include geometrical features, statistical features, topological features, and global features.
(Okamoto, 1999; Jose et al., 2002; Dongre et al., 2010). Broadly, features are classified as
low level and high level features. Low level features focus on estimation of neighboring
points whereas high level features focus on large scale and provide information regarding
loop, headline, dots, etc. Hu et al. (1997) proposed combined use of both low level features
and high level features at each point that ensured covering large input pattern and possessed

invariance property. Verma et al. (2004) provided a new technique for feature extraction of
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online handwriting recognition from raw data based on structural, directional and zoning
information that has been used to create a single feature vector. Siddharth et al. (2011)
considered three types of statistical features for recognition of Gurmukhi handwritten
characters: zonal density, projection histogram and distance profile. They achieved an
accuracy of 99.2% for numeral recognition using projection histogram and an accuracy of
99.1% while using zonal density features. Along with the combination of these three
categories of features, they also used Background Directional Distribution (BDD) features. In
case of BDD, they computed eight directional features for each of foreground pixel.

Although different set of features are identified for different types of script, yet Rocha and
Pavlidis (1994); Lee (1996); Kim and Govindaraju (1997); Hu et al. (2000) suggested that no
unique set of features can be applied in generic form on all kinds of scripts. Jaeger et al.
(2001) also supported this phenomenon in his research and concluded that there is no
standard method for computing features of a script. Lehal and Singh (2000) identified
features for offline Gurmukhi script and classified them into two sets of structural features as
primary features and secondary features. Features identified and used for online handwritten
characters are called spatiotemporal features because the sequence of feature here reveals the
temporal variation of the positional information which helps in locating the attributes that
convey positional, directional, structural or statistical features derived for the handwritten
character. Both local and global features can be used for online handwriting data (Bahlmann
et al., 2002). Local features are used to capture important information about part of the stroke
that reveals the spatial or temporal proximity of subsequent points around the data point
whereas global features combine long range pattern information. Few features that are
included in the list of global features are Fourier coefficients (Man and Poon, 1992), wavelet
transform (Sundaresan, 1999), linear prediction coefficients (Alahari et al., 2005), and graph

based representations (Liu et al., 1996).

In feature extraction, problem of dimensionality has been noticed by researchers in the
situation when we use all points of a character. To resolve this issue feature extraction based

on statistical distribution of point was proposed (Impedovo et al., 1991). Existing literature
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provides discussion on five methods based on distribution of points: a) Moments, b) n-tuples,
¢) Zoning, d) Characteristic loci, and e) Crossings and distances (Hussain et al., 1972; Suen
et al., 1980). However, recently fuzzy features have also been proposed in some research
studies on online handwriting recognition process (Malaviya et.al., 1996). Lajish and
Kopparapu (2010) also used fuzzy features for recognition of online handwritten Devanagari
characters. In their research study, directional features were obtained with the help of angle

between two adjacent points and an accuracy of 96.9% has been achieved by them.
2.4  Recognition

Intense ongoing research during last four decades proves to be the testimonial of popularity
gained by handwriting recognition process. Many developments have already taken place in
online handwriting recognition process. Researchers are still engaged in designing and
developing new and accurate dissection systems that may be used to advance succeeding
word classification (Xiao and Leedham, 2000). Recognition phase involves sequence of
encoded values corresponding to the handwritten characters in the input text. Broadly,
recognition paradigms are classified and differentiated as holistic and analytic. Among these,
holistic approach considers handwritten word as indivisible unit. This approach is used for
both online and offline handwritten recognition but this system is considered better for
cursive writing systems where words written are connected. Govindaraju et al. (1997) and
Koerich et al. (2005) proposed and discussed approaches for classification of handwritten
words. In case of analytic methods, classification is performed for sub words that will
involve graphemes (Lecolinet and Crettez, 1991), character (Favata and Srihari, 1992) and
stroke (Swethalakshmi et al., 2006).

In addition to this, generative and discriminative approaches are also used for the purpose of
classification. Generative approach of classification provides developing of a model for a
particular class by considering common features of that class. The best example of generative
classifier is Hidden Markov Model (HMM). Discriminative approach does not restrict its
concentration on designing a model for a class using examples belonging to that class but

also takes in its purview those belonging to other classes. However, few studies have
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suggested using combination of both the approaches (Sanguansat et al., 2004 and Bahlmann
et at., 2002). Suen et al. (1992) also supported it and highlighted that each classifier has its
own strengths and weaknesses so no single scheme will serve the purpose of achieving high
accuracy in recognition of handwritten numerals or characters. In this light, authors
emphasized that a new direction that can offer promising results of accuracy in handwriting

recognition is the combination of some classifiers into a multiple expert system.

Recognizing the importance of different classifiers, many researchers have proposed multi-
stage classification methods and multi expert combination methods in their study. Duerr et
al. (1980) made use of both statistical methods and structural methods for classification of
handwritten characters. Gader et al. (1991) proposed multi-stage system that used Yule
template matcher for identification of easy digits and model based classifier was used for
more complex digits. Hull et al. (1990) proposed a combination of template matching,
structural analysis and syntactic classifiers for recognition of handwritten alphanumeric
characters. For this purpose, they used the output from each classifier and a common
consensus was arrived considering the output of each classifier. Forthcoming sub sections

provide detail of existing literature available on different recognition methods.

2.4.1 Statistical methods

In statistical methods, each pattern is represented in terms of a particular measurement unit d
and is observed as a point in that particular d dimensional space. The main purpose is to
select those features where all pattern vectors belonging to different classes occupy disjoint
area in a d dimensional space (Jain et al., 2000). Separation of patterns from different
categories will help in determining the success rate of representation space. The best use of
statistical methods that has made it popular is that this technique takes into consideration
prior probabilities of classes and easily adopts the natural variations in handwriting as
stochastic in nature. For this purpose a training set is provided for each class and emphasis is
made to decide boundaries based on the probability distribution in the feature space so as to
produce demarcation between the patterns belonging to different set of classes. In statistical

methods, for the purpose of character recognition we first select the most probable character
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class that poses minimum expected classification error. Thus, this process includes the
estimation of the discriminant function specific to the statistical approach (Duda et al., 2001).
Among earlier studies, Beigi et al. (1994b) used statistical methods for recognition of
handwritten Persian and Arabian digits where few difficulties associated with this method
were identified. They collected 600 samples of each digit from 20 users and system was
trained on this input data. The system was tested by 14 writers who wrote each digit five

times and achieved an accuracy of 93.1%.

Statistical methods are classified into two broad categories: parametric methods and non-
parametric methods. In parametric methods, handwriting samples are statistical variables
from distribution that is characterized by a set of parameters and each class includes its own
distribution parameters. Fu et al. (2000) provided that if the estimated parameters are
continuously updated the system itself adjusts to different handwriting styles. Hidden
Markov Model (HMM) is the most widely accepted method in the category of parametric
methods (Ait-Mohand et al., 2014). Non-parametric methods are directly valued from
training data like nearest neighbor is one of the famous non-parametric methods. In general,
parametric methods are preferred over non-parametric methods because parametric methods
are considered to be computationally efficient than non-parametric methods. HMM has also
been used for online handwriting recognition systems (Sabourin et al., 1999; Britto et al.,
2003). Earlier HMM was applied for speech recognition tasks only. It was adopted for online
handwriting recognition systems in 1990s. A study by Plamondon and Srihari (2000)
provided use of HMM for cursive handwriting data. However, recently during last decade
supervised learning model Support Vector Machine (SVM) has popularly been used by
world-wide researchers as pattern classifier which is based on statistical learning technique
(Marwala et al. 2007; Kim et al., 2001; Byan et al., 2003). Sanguansat et al. (2004) proposed
a combination of HMM and SVM for recognition of Thai handwritten characters. Besides
this, nearest neighbor approach (Jaeger et al., 2003), clustering approach (Muori and
Laaksonen, 2002), Bayesian classifiers (Cho and Kim, 2001) and Modified Quadratic
Discriminant Function (MQDF) (Liu et al., 2004) are few other statistical approaches that
have been used for handwriting recognition. Sharma et al. (2010) presented HMM based
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online handwritten character recognition for Gurmukhi script. For developing this system,
they constructed a database of 5,330 Gurmukhi characters and achieved 91.9% recognition

accuracy.
2.4.2 Structural and syntactical methods

Structural and syntactical methods are related to handwritten patterns where patterns
identified are complex in nature. To make this process convenient, structures and grammar
base is considered and hierarchical perspective is adopted where each pattern is composed of
few simple sub patterns which are further made up of simpler sub patterns (Fu, 1982).
Structural recognition describes the process of how a given pattern is constructed from the
primitives. Recognition of these primitives enables representation of complex patterns based
on the interrelationship between the primitives. This paradigm is mainly adopted in positions
where the patterns have a fixed structure that can be studied in terms of a set of rules such as
textured images, waveforms and shape analysis of contours. Duneau and Dorizzi (1994)
presented a system for recognition of English cursive words input on a digitizing tablet. This
system uses an analytical approach that tries to localize the letters of the word to be
recognized due to a set of letter prototypes. Chan and Yueng (1999) also discussed structural
approach for online handwritten alphanumeric characters that achieved reasonable speed and
fairly high accuracy. Structural recognition approach has also been used for online
handwritten Korean characters (Jung and Kim, 2000). Kim and Kim (2001) proposed
structural methods for online handwritten Hangul characters in which interrelationship
between the strokes has been explained with the use of hierarchical characteristics of target
characters. Al-Taani (2005) provided use of structural approach for online Arabian
handwritten digits. His system has been tested on an online dataset containing the digits 0-9
collected from 100 users and primitives were identified. This system achieved an average
accuracy of 95.0%. The chain codes are most popular structural representations used for
recognition of online handwriting. In case of chain code, a stroke is temporarily divided into

segments and finally this coding is done on these segments. These segments are small
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straight lines of equal lengths and consider information as directions, angles, and geometric

information in segments.

However, in case of syntactic pattern recognition, a formal analogy is drawn between the
structure of patterns and the syntax of a language. The patterns are viewed as sentences
belonging to a language, alphabet of the language are considered as primitives and based on
the grammar sentences are generated. Jain et al. (2000) provided that a huge collection of
complex patterns can be explained by small number of primitives and defined grammatical
rules where these grammar rules are inferred from the available training samples. Sinha and
Mahabala (1979) proposed a syntactic analysis system for recognition of handwritten
Devanagari characters where the system stored the structural description of each symbol in
terms of primitives and their interrelationship. The implementation of syntactic methods is
considered to be more difficult as it has to deal with segmentation of noisy patterns and
deriving grammar rules from the training data. Perlovsky (1998) also explained that syntactic
methods become difficult to adopt as it offers combinatorial explosion of possibilities that
need to be studied thoroughly. It will require large training sets and computational efforts.
Suen et al. (1992) provided that many researchers adopted syntactic classifiers when features
are identified based on character shape. For using syntactic approach, particular structures are
parsed into descriptive grammar and further its comparison is made with regular expressions.
Tai et al. (1993) discussed syntactic approach for recognition of online handwritten character
of Chinese language where they described a multilayer representation of attributed semantic
network. Many pieces of research have also introduced combination of these approaches to
get better results (Duerr et al., 1980).

Ahmed and Suen (1987) proposed a two-stage classifier to recognize unconstrained
handwritten zip codes. They used statistical approach at the front end and structural method

for computing fuzzy membership between more complex patterns.
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2.5 Post-processing

System results might be conflicting and possess some errors due to the problems in
classification and segmentation. To remove these problems and improve accuracy of results,
post-processing techniques are applied for recognition of online handwritten characters. The
most common way to remove these problems is to apply linguistic knowledge. Statistical
methods and tracing through dictionary are two commonly used methods for error correction
in the recognition process. Among earlier studies, Sinha (1987) provided that generally,
statistical approach is preferred over dictionary based methods because they perform better in
terms of computational time and memory utilization. However, for minor mistakes dictionary
approach is useful. Pitrelli and Perrone (2002) evaluated variety of functions to estimate
posterior probabilities of correctness in a post-processing mode. The study provided that
using post-processor along with Receiver Operating Characteristics (ROC) curves, the
system was able to correctly reject 90.0% of recognizer errors and falsely reject 33.0% of
correctly-recognized words. In isolated-digit recognition, they achieved a correct rejection
rate of 90.0% and false rejection rate of 13.0% with a dataset of 45,800 character tokens

written by 100 writers.

For handwriting input, some shape recognizers yield a single string of characters, while
others yield a number of alternatives for each character, often with a measure of confidence
for each alternative. A post-processor can operate on this information to obtain estimates for
larger linguistic units, such as words. When the shape recognizer yields a single choice for
each character, string correction algorithms are applicable (Tappert et al., 1990). Alternate
choices provide more information for post-processing. In post-processing, a dictionary can be
used to restrict the character combinations. This can be implemented as a grammar that
specifies all possible combinations of characters. Chan and Yueng (1999) proposed using
automatically discovered word classes in Chinese class-gram models for contextual post-
processing of handwriting recognition results. Three other language models have also been
constructed by them for comparison. Pitrelli and Perrone (2002) evaluated a variety of

scoring functions, including likelihood ratios and estimated posterior probabilities of
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correctness, in a post-processing mode to generate confidence scores at the character or word
level. Carbonnel and Anquetil (2004) presented an optimized lexical post-processor designed
for handwritten word recognition. They corrected recognition and segmentation errors using
lexical information from a lexicon. They presented lexical post-processing based on two
phases. In the first phase a lexicon organization is made to reduce the search space into sub-
lexicons during the recognition process. The second phase develops a specific edit distance to
identify the handwritten word using a selection of the sub-lexicons. Namboodiri et al. (2007)
presented a framework for incorporating the metric information in classical Indian poetry to
enhance the results of recognition. Their algorithm can be used in conjunction with other

post-processing approaches and is effective in correcting modifier symbols.

2.6 Earlier recognition results for online handwritten character recognition of

Indian scripts

India having diversified cultures possesses numerous scripts. Each script has its own set of
icons which are known as characters/ letters. For all different languages, numerous rules are
there for combining letters that make a message understandable. One peculiar feature
common in all major Indian scripts is that they comprise mixture of syllabic and alphabetic
scripts. Although recent technology has contributed largely in the area of handwriting
recognition of a particular language yet some more fine tuning is required for Indian regional
languages. Limited literature is available for recognition results achieved for Indian regional
languages in comparison to some world-wide popular languages like, Chinese and English.
In this section we have compiled research work done on Indian scripts. Some widely
acceptable recognition techniques adopted for Indian regional languages include HMM
(Babu et al., 2007), SVM (Swethalakshmi et al., 2006) and Elastic matching (Prasanth et al.,
2007).

Devanagari is among oldest Indian script used to write Hindi, Marathi, Bihari and Sanskrit.
Hindi is the national language of India and used by more than 300 million people for
documentation. A good number of works are available for recognition of online handwritten

Devanagari script. Malaviya et al. (1996) proposed fuzzy logic based approach for online
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handwritten Devanagari script. Connell et al. (2000) conducted experiment with 20 different
writers, with each writer writing 5 sample words of unconstrained Devanagari script. They
achieved an accuracy of 86.5% with the combination of multiple classifiers. Namboodiri
(2004) also worked on recognition of Devanagari script by using database of 13,379 words.
They identified 11 spatial and temporal features from the tested strokes and obtained 87.1%
overall accuracy. A study by Joshi et al. (2005) focused on developing a recognition engine
for online handwritten Devanagari script by testing samples of 1,487 Devanagari characters
written by 9 writers. They bifurcated these samples into two classes, namely, FREQ and
RAND whereby in the first category they collected 100 most common characters and 250
characters were drawn randomly from the complete set and obtained 93.1% and 85.5%
recognition accuracy, respectively. Bharath et al. (2005) have presented an approach
whereby Devanagari characters can be recognized by the order and number of strokes used to
write it. Kubatur et al. (2012) used neural networks to recognize online handwritten
Devanagari characters and provided that a simple feature set yielded by Discrete Cosine
Transform (DCT) can be highly promising. They conducted testing on 2,760 Devanagari

characters and achieved 97.2% recognition accuracy.

Bangla script is used for writing Bengali and Assamees languages and used by more than 200
million people. Existing studies that support research on recognition of online handwritten
Bangla characters include study by Garain and Chaudhuri (2002) and Bhattacharya et al.
(2007). Parui et al. (2008) have discussed a novel method for recognition of online
handwritten Bangla characters by collecting sample of 24,500 Bangla characters written by
70 individuals. They constructed an HMM with the help of training set of each stroke and
achieved an accuracy of 84.6%. Biswas et al. (2012) designed HMM based classifier using
each stroke class by collecting data set of 29,951 character samples of Bangla script. They
obtained 91.9% character level accuracy with the proposed methodology. Bhattacharya et al.
(2008) proposed analytic recognition approach for Bangla characters by using modified
quadratic discriminant function. They collected sample of 10,000 online handwritten Bangla

words written by 50 writers and obtained overall word level recognition of 82.3%.
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In addition to these studies, few pieces of research work are also available for Tamil,
Kannada, Malayalam, Gurmukhi and other Indian languages. Shankar et al. (2003) used
string matching technique and proposed an independent Malayalam character recognition
system for stroke recognition. They collected samples of 216 strokes from 3 writers and
reported an accuracy of around 90.0%. Among Gurmukhi script much of the existing
literature available provides recognition engine for offline handwritten Gurmukhi characters
(Lehal and Singh, 2000; Jindal et al., 2005). However, Sharma et al. (2008) proposed
recognition engine for online handwritten Gurmukhi script using elastic matching approach
and obtained a recognition accuracy of 90.1% with system trained on 40 classes. Prasad et al.
(2012) used two methods, viz. Principal Component Analysis (PCA) and Dynamic Time
Warping (DTW) for recognition of online handwritten Kannada script. They concluded that

results obtained using PCA are highly promising with an accuracy of 88.0%.
2.7  Chapter summary

This chapter has compiled the studies conducted in the area of recognition of handwritten
characters. Review of research studies has been conducted for recognition of handwritten
characters of various scripts based on their novelty. Hence, a step wise literature review has
been presented here, whereby the related existing studies have been accumulated under a
particular phase as per their relative contribution and approach adopted. Data capturing and
annotation is the starting step in designing a handwriting recognition system. Various
techniques involved in the preprocessing of raw data have been presented. Different
strategies adopted by researchers for recognition of online handwritten characters have been
discussed in this chapter. Studies on post processing that aim to increase the recognition
accuracy have also been studied. Under last section of this chapter, we have focused on
methodology adopted by existing studies on Indian regional languages and their achievement
in terms of recognition accuracy. In the next chapter, we have given a brief overview about

system design and procedure used in the proposed study.
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CHAPTER 3

METHODOLOGY AND SYSTEM DESIGN

Existing framework for handwriting recognition clearly defines active areas for the
development of such a system. From existing literature, it is evident that research in this
area has been alive for more than four decades. Nevertheless, it is still admitted to be a
challenging area which is encouraging researchers world-wide to refine existing methods.
Research in this area demands developing new techniques for segmentation, identifying
new features, and developing post-processors that can achieve higher recognition
accuracy. This study presents new sub-systems for pre-processing and post-processing in
online handwritten Gurmukhi script recognition. This chapter describes the methodology
and system design as adopted in the current research work. The chapter has been divided
into five sections. Section 3.1 explains the novelty of proposed framework. Section 3.2
describes the collection process of Gurmukhi words written by different users. The words
collected here have been used for testing the results. Section 3.3 introduces SVM
classifier that has been used for recognition of handwritten Gurmukhi script strokes in this
research work. Section 3.4 discusses the testing strategies adopted for recognition of
characters, numerals, aksharas and words of Gurmukhi script. Last section summarizes
the chapter by presenting an overview of the framework and techniques followed for

recognizing online handwritten Gurmukhi characters.

3.1 Proposed framework for the recognition of handwritten Gurmukhi

script

Handwriting recognition systems use standardized sequential steps to give output.
Various steps involved in handwriting recognition process include data collection, pre-
processing, feature extraction, segmentation, recognition, and post-processing (Impedovo
etal., 1991; Chan and Yeung, 1999; Koerich et al., 2003; Pardeep et al., 2011).

In a traditional handwriting system, data collection is an important step. Pre-processing
step provides a uniform representation that aims to improve the classification accuracy.

Further, identification of appropriate features leads to help in the recognition process.



This section describes, in detail, the novelty of proposed framework used for Gurmukhi

script recognition.

Input Online handwritten stroke

!

Preliminary analysis of a stroke
Association of online handwritten strokes
Removal of duplicate points
Size normalization and centering
Interpolating the missing points
Resampling

Pre-processing

Extraction of pre-processed features
Extraction of features using reverse structure

Feature
extraction

Classifier Support Vector Machine (SVM)

!

Post-segmentation of stroke sets
Sequencing of stroke sets
Merging the stroke sets

J

Output Character / Numeral / Akshara / Word Recognition

Post-processing

Figure 3.1: Proposed framework for online handwritten Gurmukhi script recognition system

Some of the steps of this framework are similar to the sequential steps used in traditional
architecture of handwriting recognition process. However, in the proposed framework,
some novel steps have been introduced. Figure 3.1 displays a diagrammatic
representation of the proposed framework for online handwritten Gurmukhi script
recognition. In this framework, the recognition process starts with the collection of raw
data in the form of handwritten samples of Gurmukhi script from users of diverse
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background in writing Gurmukhi script. Pre-processing step includes a novel way of
associating online handwritten strokes, whereby association of each stroke is checked
with other strokes. In the existing methods, if one stroke is overlapped with adjacent
stroke, then the segmentation process is required. However, in the proposed work, a new
methodology has been developed for finding association between the strokes which is
divided into three steps, viz. schema for stroke association, sets of associated strokes, and
reduction of associated sets. Further, pre-processing also includes removal of duplicate
points, size normalization, centering, interpolating the missing points and resampling. The
features such as positional features, pre-processed features, and features using reverse
structure have been used in this work. An important contribution of this work is the
methodology for implementing post-processing. Post-segmentation of stroke sets,
sequencing of stroke sets, and merging the stroke sets are included under post-processing

which contributes towards achieving high accuracy.
3.2 Data collection and annotation

Data collection is one of the most important tasks to be performed in online handwritten
character recognition. The preliminary examination in this area made it clear that no
public online handwritten Gurmukhi character database is available to carry out
recognition experiments. Hence, creating a reliable and authentic database is also a part of
the current research work. The first objective of this study was to create an annotated set
of 30,000 Gurmukhi words (including 2000 unique words) to be used for training and
testing of OHWR engine. Raw data was obtained with the help of digital pen (stylus) and
the tablet PC (Dell Latitude XT3). The time sequential signal from the movement of the
pen on the writing device captured the dynamic position of the pen with the help of
sensors attached to the device. Thus, it was able to understand the pen pressure, pen
down/up events and sequence of consecutive points on the x-y plane in the form of
coordinates. In this process, following attributes of a handwritten character were
recorded:

(i)  Total number of strokes in a character,

(i)  Digitized (x, y) coordinates of each stroke, and

(i) Index of each stroke.
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Figure 3.2 depicts screen shots of data collection tool used for collecting handwritten
samples of Gurmukhi script words. A dictionary of 2,200 different Gurmukhi words has

been used for data collection in this work.

| RAVINDER v Userld: usro1

Undnl Clear | ™S

Undol Clearl fem

Undol Clearl ﬁ?"

Tt j 4
suibk
Undol Clearl ﬁl"li{
Tl

Undal Clearl ﬁ-',?;

[ Save ] [ Exit ]

Figure 3.2: Screen shots of data collection tool

This data dictionary has been stored in . XML (extensible markup language) format and
the pseudo of this file is presented in Table 3.1(a). Table 3.1(b) contains the pseudo of the

file that has been used to store user’s information.
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Table 3.1: Extensible markup language (.XML) template of (a) The first five records of data dictionary of
Gurmukhi words (b) Writer information

@

<?xml version="1.0" encoding="UTF-8"?>

v<OHWRSchema>

v<dataSetDef>

<SrNo0>101</SrNo>
<WordNo>101</WordNo>

<WordDesc>mmu</WordDesc>

</dataSetDef>

v<dataSetDef>
<SrN0>102</SrNo>
<WordNo>102</WordNo>
<WordDesc>fer</WordDesc>
</dataSetDef>

v<dataSetDef>
<SrN0>103</SrNo>
<WordNo>103</WordNo>
<WordDesc>H3'</WordDesc>
</dataSetDef>

v<dataSetDef>
<SrN0>104</SrNo>
<WordNo>104</WordNo>
<WordDesc>fifw</WordDesc>
</dataSetDef>

v<dataSetDef>
<SrN0>105</SrNo>
<WordNo>105</WordNo>
<WordDesc>fes</WordDesc>

</dataSetDef>
</OHWRSchema>

(b)

<?xml version="1.0" encoding="UTF-8"?>
v<OHWRSchema>

v<dataSetDef>

<templatelD>GurmukhiVerl</templatel D>
<language>Punjabi</language>
<templateSource>l1Sc</templateSource>
<contactName>SMCA CC Lab</contactName>

<contactEmail>ravinder@thapar.edu </contactEmail>
<contentDesc>Tablet PC & Desktop</contentDesc>

</dataSetDef>
v<writeDef>

<school_id>TU_PTA</school_id>
<name>RAVINDER KUMAR</name>
<D0OB>22/08/1987</DOB>
<uName>usr01</uName>
<Password>test</Password>
<age>34</age>
<gender>Male</gender>
<region>PATIALA</region>
<educationLevel>PG</educationLevel>
<profession>Student/Professor - B</profession>
<hand>Right</hand>
<deviceType>Tablet PC</deviceType>
<index>10</index>
<wordCount>100</wordCount>
</writeDef>

</OHWRSchema>

Samples of online handwritten Gurmukhi words have been collected from 144 users
residing in Punjab. The details of these users are given in Table 3.2. These users were
categorized on the basis of their level of proficiency in writing Gurmukhi script and were
put in four categories, namely, Category A, Category B, Category C, and Category D, as
described in Table 3.2.
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Table 3.2: Categories of Gurmukhi script writers

Category Name

Category (Number of Persons) Educational Background

Punjabi users such as Govt. employees / Language
Category A Highly Proficient (54) experts. These users follow prescribed way of

writing.

Users who have acquired formal Punjabi education,
Category B Moderately Proficient (38) up to high school; but they do not write Punjabi

frequently.

- Users who have acquired formal Punjabi education,

Category C Low Proficient (34) up to primary; but they write Punjabi frequently.
Category D Ignorant (18) Users who have no formal education in Punjabi; but

can write Punjabi on the basis of structure.

The handwritten words collected from different writers included combinations of 35
characters, 9 vowel modifiers, 3 nasals, and 10 numerals of Gurmukhi script. A total
number of 39,871 sample words of Gurmukhi script were collected from different
category of users. Table 3.3 provides a statistics on collected raw words, raw strokes,
annotated strokes, and noise in collected words. From Category A writers, 24,090
handwritten Gurmukhi words have been collected and then passed through annotation
process. From these words, 1,38,994 strokes have been identified and 1,38,296 strokes
were annotated. From Category B writers, 9,460 handwritten Gurmukhi words have been
collected. Out of these collected words, 53,676 strokes have been identified and 53,329
strokes were annotated. Further, 4,203 Gurmukhi words have been collected from
category C users. Out of these collected words, 21,802 strokes have been identified and
21,218 strokes were annotated. From Category D writers, 2,118 words have been
collected. Out of these words, 13,970 strokes have been identified and 13,487 strokes

were annotated.

Table 3.3: Statistics on collected data

Name of Category Collected Raw Collected Raw Annotated Noise in Data
(Number of Users) Words Strokes Strokes Collection (%)
Category A (54) 24090 138994 138296 0.50
Category B (38) 9460 53676 53329 0.65
Category C (34) 4203 21802 21218 2.68
Category D (18) 2118 13970 13487 3.46
Total 144 39871 228442 226330 0.92
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Figure 3.3 depicts the procedure adopted for annotation of collected handwritten
Gurmukhi words. Under this process, the input word as written by a user has been
recorded along with its strokes by stroke sequence. Out of this, the strokes included in the
defined set for formation of Gurmukhi character are allotted a particular class ID. Rest of
the unidentified strokes are deleted and considered as noise. All those strokes which are

identified and annotated are further used for training of LibSVM classifier. Figure 3.3

demonstrates the procedure of annotation for the Gurmukhi word /&3/ where, user has

written this word with sequence of four strokes /S/, /</, /3] and /3/. Here, all the

identified strokes are allotted unique class IDs as 142, 101, 191, and 122 respectively.
The information about this sample handwritten word has been recorded in a complete

sequence as adopted by the user to form this Gurmukhi word. Table 3.4(a) presents the
number of strokes used to input Gurmukhi word /€3/ with its raw points stored in . XML

format, while Table 3.4(b) presents the annotation <classld>142</classld> of the same in
XML format.

Hoedte | WersDues - (M) Usstd- wield Cutiare - wurt$u00] sml

Figure 3.3: Screen shots of annotation of input data
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Table 3.4: Extensible markup language (.XML) template of (a) input word with its raw points (b)

annotation of input word

a
<?xml version="1.0" en(cgding:"UTF-S"?>
v<wordSetDef>
<wordNo>203</wordNo>
<wordDesc>83</wordDesc>

<totalStrokes>4</totalStrokes>

v<stroke>
<strokeNo>1</strokeNo>
»<point> . .</point>

</stroke>

v<stroke>
<strokeNo>2</strokeNo>
»<point>. . </point>

</stroke>

v<stroke>
<strokeNo>3</strokeNo>
»<point>. . </point>

</stroke>

v<stroke>
<strokeNo>4</strokeNo>
»<point> . . </point>

</stroke>
</wordSetDef>

b
<?xml version="1.0" enc(oc}ing:"UTF-S"?>
v<wordSetDef>
<wordNo>203</wordNo>
<wordDesc>83</wordDesc>
<totalStrokes>4</totalStrokes>
v<stroke>
<classld>142</classld>
<strokeNo>1</strokeNo>
»<point> . .</point>
</stroke>
v<stroke>
<classld>101</classld>
<strokeNo>2</strokeNo>
»<point>. . </point>
</stroke>
v<stroke>
<classld>191</classld>
<strokeNo>3</strokeNo>
»<point>. . </point>
</stroke>
v<stroke>
<classld>122</classld>
<strokeNo>4</strokeNo>
»<point> . . </point>
</stroke>
</wordSetDef>

From these collected samples, 96 unique strokes have been identified (including
Gurmukhi numerals) and categorized into three zones, viz. upper, middle, and lower.
These unique strokes are presented in Table 3.5. Considering the variant styles of users’
handwriting, these strokes lead to the character formation. Table 3.5 also provides a
complete detail about the shape of stroke identified from raw Gurmukhi words as written
by different categories of users. Further, a description of class ID allotted to these strokes
has been provided. This table also contains the detail on stroke writing zone, i.e., where
the stroke lies in writing a Gurmukhi character. This table also carries the list of
characters that will make use of that stroke to form a particular Gurmukhi character. For
example, the stroke ( }—) has been identified from the common words written by different

users. As per methodology of the study, the strokes with this particular shape are given
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with the class ID 151 and listed in middle zone of Gurmukhi writing. The possible
characters that use this particular stroke in Gurmukhi script are H, and H.

Table 3.5: List of Gurmukhi strokes used in this work, class IDs, writing zone and list of character(s) using
that stroke

Stroke Writing List of character(s) using the
Shape of Stroke Class ID
Zone stroke
P 101 Lower ©,
106 Lower o
o
€,8,1,9,9,5,9,8, 9,7,
- 121 Upper <, 96,3,%,3,3,8, ¢, 4,506,
2, 9,9,1,d,8,<,3
™ 122 Upper \, A, 3
A 123 Upper 3
- 124 Upper 3,d
= 126 Upper ol
" 128 Upper )
™ 133 Upper g
f_? 141 Middle =4
3 142 Middle 15
771 144 Middle L
5 145 Middle il
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c 146 Middle €,2,3,%

s 147 Middle g,%8,3,%,3

- 147 Lower 3

U 148 Middle g, 9, %3

C 149 Middle %

7 150 Middle g, s

& 151 Middle , H

o 152 Middle H, H

i 153 Middle "

] 154 Middle H,49,9, 8, 0,9, 4,0T
| 155 Middle J

cl 156 Middle g

ol 157 Middle q, 9

ot 158 Middle q,3

I 159 Middle T,u, g,
fa| 160 Middle g, 4

L 161 Middle U, 4,8, Y

162 Middle ", H, 4, dl, W, 9,7, g 0T,
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163 Middle 8, 9,4

d 164 Middle g,

Ej 165 Middle g, d
uf 166 Middle W
e 167 Middle W
& 168 Middle 5
o

I~ 169 Middle 5
od

ﬁ;;' 170 Middle g
o 171 Middle |
% 172 Middle g
{f_ 173 Middle g
&4 174 Middle H
C«_j 175 Middle q

/

' 176 Middle S
o,

b4 177 Middle 9,3
C 179 Middle g, T
Z 180 Middle T
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g 181 Middle =
c 182 Middle €,2,8
S 183 Middle 5
e 184 Middle 3
-:“3 185 Middle 3
& 186 Middle 3
9 187 Middle =
3-:;' 188 Middle g
& 190 Middle T
«5 191 Middle 3
o 192 Middle 3
f’ 193 Middle o
v, 194 Middle =
Y 195 Middle U, g
™ 196 Middle 5
:| 197 Middle 5,8
2l 198 Middle 58
e 200 Middle g
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a 201 Middle g
& 202 Middle T g
9 203 Middle T
g 204 Middle 5
3 205 Middle -
U 207 Middle =
& 208 Middle v}
PE 209 Middle o
7 210 Middle =
3 212 Middle 3
(’ 215 Middle fo
l? 216 Middle il
/ 218 Middle -
¥ 222 Middle q
T 223 Middle -
o 224 Middle =
.{'; 225 Middle v, 8,5
& 226 Middle g
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i 351 Middle q
) 352 Middle 2
5 353 Middle 3
& 354 Middle 8
5y 355 Middle Y
é 356 Middle S
9 357 Middle o
T 358 Middle t, €
»é 359 Middle ¢
() 360 Middle o
& 361 Middle g€
C 362 Middle g, ¢

3.3 Support Vector Machine classifier

Support Vector Machine (SVM) is the state of the art classification technique that has

been used for recognition of various scripts (Liu et al., 2002; Bahlmann et al., 2002;

Shrivastava and Gharde, 2010). SVMs are a set of related supervised learning methods

used for classification and regression. Application of SVM has achieved excellent

recognition results for numerous pattern recognition problems. SVMs are discriminative

classifiers that provide flexible decision boundaries in high dimensional feature spaces.

Some of the properties of SVM that form the reason of SVMSs’ success are optimality of

training results and fast training algorithms. Classifiers based on SVMs have some pre-

requisites. The feature vector representing a stroke should be of a constant length; and it

should ignore the class or instance it represents. Training of a SVM-based classifier

involves solving a constrained optimization problem that identifies support vectors.
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The standard SVM classifier takes the set of input data and predicts to classify them into
one of the two distinct classes. To train an SVM classifier, a particular data set is given
and a model is prepared for classification process. The base of this classification is
normally the defined decision boundaries where, two or more distinct classes are defined
and a boundary is framed to distinct them. Thus, SVMs are binary classifiers that separate
linearly any two classes by finding a hyper plane to the closest data points. The outcome
of SVMs is based only on the data points that are at the margin and called support

vectors.

A classification task usually involves separating the data into training, and testing sets.
Each instance in the training set contains one “target value” (i.e. the class labels) and few
“attributes” (i.e. the features or observed variables). The goal of SVMs is to produce a
model (based on the training data) which predicts the target values of the test data.

The testing phase involves the evaluation of the following discriminant function of the

SVM for every test example:

Nsv

y = sign(z d;a;K(x,x;) +b)
i=1

where, y = {1} is the class assigned to the test example, Ny, denotes the number of
support vectors identified during training, x denotes the feature vector for the test
example, Xx; represents a support vector, d; denotes its desired class label, a; its
corresponding Lagrange coefficient, K (+) indicates the chosen kernel function and b
denotes the bias value of the hyperplane. One can use one of the following kernel

functions.
Linear: K(x, %) = (xIx;)
Polynomial: K(x,x ) = (yxIx + r)d,y >0

Gaussian Radial Basis Function (RBF): K(x, %) = exp(=y||x; — x11?), ¥ > 0
Sigmoid: K(x;,x; ) = tanh(yx] x; + 1)

Here, y, r, and d, are kernel parameters.

For the purpose of present study, Radial Basis Function (RBF) kernel has been used for
SVM classification. This kernel non-linearly maps samples into a higher dimensional

space. So, unlike the linear kernel, it can handle the case when the relation between class

53



labels and attributes is non-linear. The RBF kernel has fewer numerical difficulties.
Experiment results have been obtained by using the open source software LibSVM. The
feature values have been scaled from 1 to 9 before training the LibSVM. By default,
LibSVM selects the parameter gamma (y) as 1/d, where, d stands for the number of
features. The main advantage of scaling is that it helps to avoid attributes in greater
numeric ranges in smaller numeric ranges which dominate. Another advantage is that it
helps to avoid numerical difficulties during the calculations. The classifier can accurately
predict the unknown data (i.e., testing data). The cross-validation procedure can also be
used here. Two parameters for an RBF kernel, viz. C (penalty factor) and y (learning
rate) are used in cross-validation. Various values of C and y have been tried and the one
with the best cross-validation accuracy is picked. It has been found that exponentially
growing sequences of C and y provide a practical method to identify good parameters (for
example, C =2°,23..., 2% y =21 213 2%,

3.4  Testing strategies for recognition

Gurmukhi script consists of a large number of strokes with a high degree of variation that
occurs due to different handwriting styles of writers. While collecting the data sample
from different categories of users, samples of both characters and words were collected.
The reason behind collecting these samples separately from the same user was that he
may write a single character in a different style from the one used to write a complete
word. In addition to this, other problem related to sequencing and merging during post-
processing phase arises, where it is possible that all input strokes may belong to same
character, but their sequence of input may be different. Thus, it becomes difficult to
merge them. The problem of ambiguity while recognizing the strokes is also of a potential
concern.

A novel approach for recognition of Gurmukhi script has been proposed in this research
work. This approach includes association of strokes in pre-processing; post-segmentation,
merging the stroke sets, and sequencing of stroke sets in post processing. Each stoke in a
character is assigned a weight based on three components: (i) number of strokes in the

character, (i) number of input strokes, and (iii) number of matched strokes.
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In the present work, each stroke is re-sampled into 64 approximately equidistant points.
The extracted feature, i.e., the x and y co-ordinates of each stroke were stored in LibSVM
format as X1, Y1, X2, Ya,..., Xe4, Yea fOr recognition in order to obtain the desired class to
which a stroke belongs.

Following testing strategies have been implemented in the proposed work.

e Finding the optimal values of parameters to maximize the accuracy of LibSVM
classifier using various combinations of y (learning rate) and C (penalty factor) in
kernel function.

e Recognition of Gurmukhi characters and numerals has been carried on the sample
of new users.

e A combination of Gurmukhi character with vowel modifier has been used to form
Gurmukhi aksharas.

e Testing has been performed for proposed methodology on complete Gurmukhi

word formation.
3.5 Chapter summary

This chapter presents an overview of the framework adopted for this research work. The
basic methodology used to recognize online handwritten Gurmukhi characters has been
explained. Although the steps involved in recognition of Gurmukhi script are standard
ones, yet novel techniques have been used to resolve the issues involved in pre-processing
and post-processing. The methodology developed especially for the pre-processing phase;
through association of strokes and newly designed post-processing algorithm,
differentiates the proposed research work from the earlier ones. A complete detail of the
sample data on online handwritten words collected from different categories of users is
given in this chapter. In addition to this, the methodology adopted to systematically store
and classify the sample data has also been explained. This research study has made use of
LibSVM classifier for recognition of online handwritten Gurmukhi script. Next chapter
provides a detailed discussion on proposed pre-processing methodology and features

extracted for recognition of online handwritten Gurmukhi script.
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CHAPTER 4

PROPOSED PRE-PROCESSING AND
ZONE IDENTIFICATION TECHNIQUE FOR
ONLINE HANDWRITTEN GURMUKHI SCRIPT

Pre-processing, being a preliminary step, serves various purposes that make the
recognition process smooth and easy. It is used for removing noisy artifacts from
handwriting and also helps in correcting imperfections (Guerfali and Plamondon, 1993).
The pre-processing phase is helpful to remove noise and distortions present in input data
due to hardware and software limitations during the online handwriting recognition
process (Govindaraju and Srihari, 1997; Subrahmonia and Zimmerman, 2000). Such
limitations of noise or distortions include abnormal size of text, missing points due to fast
writing with the pen, jitter present in text, slant handwriting and uneven distances of
points from adjoining positions. These complexities may arise when sometimes digital
tablets have low pass hardware filters and as a result stroke shape is present in a jagged
form. Similarly, some handwritten strokes contain hooks and duplicate sampled points
due to a hesitant writing style. Presence of such noise information is capable of
influencing the exploration of stroke profile that affects further processing such as feature
extraction and classification. The researchers have applied different pre-processing
techniques and their experiments have proved that a significant increase in recognition
accuracy is achieved, if systematic pre-processing techniques are adopted (Tappert et al.,
1990; Guerfali and Plamondon, 1993; Plamondon and Srihari, 2000; Wink and Roerdink,
2004).

This research work introduces a novel way of pre-processing phase to remove noisy
artifacts from online handwritten data. Under the proposed technique, two important steps
have been introduced which are necessary to bring the data in required form. These steps
form the basis for further pre-processing of data. A brief description of the pre-processing

technique is provided in Figure 4.1.



Input Real time online handwritten stroke (R, )
I

a) Positional coordinates and stroke window (W.Ry,)
b) Transformation of stroke on x-axis (Wr.Ry)
C) Exploring the overlapped windows of strokes (OP’ Ig)

a stroke

Preliminary
analysis of

a) Schema for stroke association
b) Sets of associated strokes
C) Reduction of associated sets

strokes

Association
of online
handwritten

a) Removal of duplicate points

b) Size normalization and centering
¢) Interpolating the missing points
d) Resampling

handwritten
data

Pre-processing
of online

Pre-processed points (P,) and

Output .
Sets of associated strokes (4;)

Figure 4.1: Proposed pre-processing phase
4.1  Preliminary analysis of a stroke

In the context of handwriting, a user frames complete textual message in the form of a
sentence. These sentences are governed by syntactic rules whereby different
combinations of words of a particular script are used. Words used in a message are
formed by sequence of defined vocabulary as mentioned by a particular language. Hence,
characters are the smallest unit used to form a recognizable sentence. In the case of
handwritten character recognition, this study aims to identify the text from data taken and
further process it as a sequence of encoded values for basic characters. The most
significant sub unit of a character used in the analysis of online handwriting is called a
stroke. Sequence of data points drawn by the position of pen tip captured at equal
intervals of time leads to the formation of a stroke. Mathematically, a stroke is expressed
as:
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R, = {rpl,rpz, ...,rpn}

Here, R, denotes the p™ input stroke; and n represents the number of raw points captured
in pt" input stroke. Here, i" point is represented as Ty, = (Xp, » ¥p,)- A stroke window
W.R, can now be formed using points Xmin, Xmax: Ymin @Nd Yma, cOrresponding to

each R,.

For a particular character/word under consideration, the generated stroke windows
obtained from the user’s input strokes are translated such that the bottom of stroke

windows is mapped to x-axis. This transformation will result into the formation of Wr. R,

for all p.

Now, the proposed algorithm proceeds to determine the overlapping regions of the
identified stroke windows as mapped on the x-axis. Based upon the percentage overlap

between various stroke windows the disjoint stroke windows are identified.

For the purpose of recognition of stroke in Gurmukhi script, pre-processing of a stroke

has been done to obtain the sequence of data points as:
By = {Pp.sPpy -+ P}

Here, B, represents pre-processed points of pt™ input stroke; and m denotes the number of
points in a stroke after pre-processing. In the next sub sections, the steps used in forming
stroke window W.R,, from positional coordinates; formation of Wr.R,, from W.R,, and
finding the set of pre-processed points P, are describe in detail. Information extracted in
this phase is helpful in the next phases, i.e., feature extraction phase and post-processing

phase.

4.1.1 Positional coordinates and stroke window

Characters of Gurmukhi script including consonants, vowels, nasals, and numerals have
been considered in this research work. For writing each of these characters, the common
styles followed by users and the corresponding strokes used to write it have been
considered. Shape of a stroke is determined by the sequence of positional coordinates

used by the writer. However, a writer uses these sequential strokes as per his handwriting
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style. As explained in the previous chapter, a set of unique strokes has been identified and
each stroke in this set has been provided with a unique class ID. Figure 4.2 provides
example x — y coordinates of an input stroke. In this example, a user writes a stroke of
Gurmukhi script by starting it from raw pointr, = (x,,, ¥p,) andendsitatr, = (x,,

¥p,). The arrows shown on stroke describe the direction of the movement of pen to write

this stroke. This stroke can thus be represented as the set of R,,.

Ry = {(xpy ¥, )r (Xpy ¥p, s ooes (X1 Yoy ) (X ¥p, )}

rpl = ( xpl'ypl)

s "Nun,
o 3

.

.

%
'h..‘
-‘-llllllllllllllll..||...
é_

é_

%,

6
rpn = (xpn'ypn)

Figure 4.2: Example raw x — y points of an input stroke

We have now calculated x,,in, Xmax: Ymin @Nd Yma, Of this stroke that have further been

used to form the overlapping window W. R,, of a stroke.

The process of formation of stroke window W. R,, is now described with the help of the

Gurmukhi word /grya/ (Thapar). This word has been written using seven strokes:

Ry, R, ,R3, R4, Rs, Rg and R as given in Figure 4.3 (a). As mentioned earlier, these sets
contain the raw points used by a writer to form these strokes. Figure 4.3 (b) contain the

word actually written by the writer. Here (first, last) points of a stroke are represented

by (i,i),i =1,2,3, ..., 7.
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Shape of ’
Stroke

Input 1 2 3 4 5 6 7
Sequence
(a)

.6 7 7

5I

|3Uﬂ 400 500 00

(b)

Figure 4.3: Illustration of (a) Sequence of input seven strokes and (b) marked with their initial and final points

Figure 4.4 (a) presents window points on x-axis, whereby Wx; . and Wx,  have been
captured for R, input stroke on the basis of x,,,;, and x,,4,. Similarly, for all the next six
input strokes, the respective Wx,, . and Wx,  have been extracted. In Figure 4.4 (b),
computation of window point’s on y-axis has been shown. Here, Wy, . and Wy,
have been computed for R, input stroke on the basis of y,,i, and ypmq,. Similarly, for all

the next input strokes, their respective W. R,, has been computed.
General form of a stroke window W. R,,:
w. RP = {prmin’ W'xpmax’ Wypmin' Wypmax }

Here, p represented by 1,2,3, ..., 7.
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Figure 4.4: lllustration of (a) Stroke windows points on x-axis (b) stroke windows points on y-axis
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4.1.2 Transformation of stroke on x-axis

A stroke window can be transformed from one domain to another domain with the help of
rotation, scaling and translation. The translation has been applied on a stroke in such a
way that translated stroke touches x-axis. The original stroke and its translation have same
shape and size. Algorithm 4.1 contains the steps that have been used in translation

process.
Algorithm 4.1: Translation of stroke window on x-axis

Input: Extracted window points Wx,, ., Wx, ., Wy, ., Wy, andraw
points R,, of p*" stroke.

Output: Translated window points ~ Wrx,, ., Wrx, . Wry, ., Wryy, . and
translated raw points R} of p™ stroke.

Step 1: Set  Wry, .= Wy, . — Yy . ;/lsetas0

WTypmax = Wypmax - ypmin;

WrXp o = Wxpoo,o
Step 2: forall (x,,¥y,) of Ryi= 1tondo
I/ Here, n represents number of raw points in pt" stroke.
Ry p)) = Yo, = Yo'
Ry (xp,) = Xp.;

Step 3: return (WTxpmin’ Wrxp oo Wr¥p s Wryp R;);

This Algorithm when applied on the stroke windows in Figure 4.4 (a) will result into the

strokes as given in Figure 4.5.
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Figure 4.5: Stroke window translation on x-axis
4.1.3 Exploring the overlapped windows of strokes

In this section, we have explored the overlapping of the stroke windows in order to
extract meaningful information from the same. We have here found the percentage of
overlapping between windows and have also found whether a window is completely
inside other window or not. Algorithm 4.2(a) finds the percentage of overlap between
windows and Algorithm 4.2(b) finds the whether a window is completely within the other
window or not. The range of overlapping percentage (0,) is [0, 100]. A 0 value of O,

indicates that the two windows do not overlap and a value 100 of 0, indicates that two

windows completely overlap.

Algorithm 4.2(a): Overlapping window
Input: Extract translated stroke windows points of Wry. R; of it" stroke and
Wr. R; of j*" stroke.
Output: Overlapping percentage (0,), this ranges from 0 to 100.
Step 1: Get Wr. Ry = (Wrxy . Wrxy o Weyi o Wi
Wr. Ry = Wiy WrXp g s WYt Wrjmas}
Step 2: Compute area

a) Overlap =
MAX ( 0’ MIN(WTximax ’ Wijmax) - MAX(WTximin’ Wijmin)) )
b) Space.R; = (WTximax - WTximin);
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C) SpClC@.Rj = (Wijmax - Wijmin);
Step 3: 0, = Overlap/(Space.R; + Space.R; — Overlap) = 100;
Step 4. return (Op)5

Algorithm 4.2(b) returns true if a window is complete inside another window otherwise it

returns false.

Algorithm 4.2(b): Inside window
Input: Extract translated stroke windows points of Wry. R; of it" stroke and
Wr.R; of jt" stroke.
Output: I, set as true if first stroke is inside another or vice versa otherwise false.
Step 1: Get Wr. Ry = Wrx . Wrxg  Wry  Wryi 3
Wr.Rj = WrXj o s Wr X WrYjiins WrVjmas
Step 2: Space.R; = (WTximax - WTximin);
Space.R; = (Wrx;, . - Wrx; )
Step 3: If (Wrx;, . = Wrx; ) && (Wrxy,, < Wrxj, )
| (Wrx;, < Wrx; ) && Wrx;, . = Wrxj )
If ((Space.R; > Space.R;) AND (Space.R;/Space.R; > 0.25))
return (True);
If ((Space. R; < Space.R;) AND (Space.R;/Space.R; > 0.25))
return (True);
return (False);
else

return (False);

The outcomes of these two algorithms are illustrated in Figure 4.6 with the help of word

fanyg/ (Thapar) as given in Figure 4.3. It can be noted from Figure 4.6 that:

)] Second stroke window (W. R,) is inside the first stroke window (W.R;).
i) W.R;, W.R, and W.R; stroke windows are inside the sixth stroke
window (W.Ry).
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i) Stroke window for the fourth stroke (W.R,) overlaps with sixth and seventh
stroke windows W. Rg and W.R,.
iv) Stroke window for fifth stroke ( W.Rg) is inside the seventh stroke

window W.R,.

NED

|Pﬂ|‘r

] : 5
. 1 :
S 3 4
] 6 2 i 7
B - - S - R - N R ot b e
|U | 100 |2EIU |3Uﬂ | 400 |300 |eoo
Wx — —
2min i ! szmax Wxsmm Wxsmax
3 | Wx, w
| ! min X7
W1 i — Wy max
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Figure 4.6: Illustration of overlapping and inside stroke windows

The information extracted in this section is useful for finding the association between

strokes. This has been discussed in the next section.
4.2  Association of online handwritten strokes

After preliminary analysis of the strokes, an effort has been made to examine the
association between the input strokes in this phase of pre-processing. After considering
translation and overlapping of input strokes, the next task is to establish a relationship
between the current stroke and previous stroke(s). In this work, a new methodology has
been proposed to find association between strokes. This methodology consists of three
steps: schema for stroke association, sets of associated strokes and reduction of associated

sets. Thus, prior to the pre-processing, we have focused on finding the association
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between two or more consecutive input strokes that would lead to formulation of a
Gurmukhi character. A brief description of these three steps is presented in forthcoming

subsections.

4.2.1 Schema for stroke association

Schema for stroke association provides a description of logical methodology used for
finding the relationship between input strokes. This methodology defines the existence of
association on the basis of partial and complete overlapping of strokes. A table is
maintained in this step that contains basic information about a stroke and its relationship
with other strokes. Basic information includes stroke sequence number and association
id. Here, stroke sequence number represents input sequence of a stroke and first input
stroke is marked as “1”. Association id provides the relationship between current stroke
and previously written stroke(s). Following association rules have been formed to

associate an association id to a stroke.
Rule 1 Assign an association id “1” to first input stroke R; .

Rule 2 For strokes R,, R3, ..., decide for the complete / partial overlapping
with all previous strokes and assign the association id(s) as the
stroke sequence number of the strokes(s) that have a complete /

partial overlapping with these strokes R,, R, ...

Rule 3 If Rule 2 does not provide an association id, we assign the stroke

sequence number as the association id to the current stroke.

Algorithm 4.3 has been proposed to implement the schema for stroke association. Here,
we input current stroke R; as its window points Wr. R; to verify the association with

previous input strokes.

Algorithm 4.3: Schema of Stroke Association
Input: Extract points Wrx,, ., Wrxp, ., Wryy, ., Wryy, . of translated
stroke window Wy. R; of current input stroke R;.
Output: Association Table 4.1 with their stroke sequence number and association
id.
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Step 1:
Step 2:

Set  Associationgp,; = False;
/I Association Rule 1

If (Assocation Table is empty)

{
Araple [ Stroke sequence number] = 1;
Arapie [ Association Id] = 1;

}

else

/I Association Rule 2
// Here count is total number of previously input strokes.

forall j = 1to count do

{
If (INSIDE_ WINDOW(Wy.R;, Wr. R;))
{
/I set i the sequence number of current input stroke
Arapie | Stroke sequence number] = i;
/Iset j as association id because current input stroke is
associated with j* stroke
Arapie [ Association Id] = j;
Set  Associationgp,; = True;
}
esle if (OVERLAPPING_WINDOW(Wr.R;, Wr.R;) = threshold)
{
// set i the sequence number of current input stroke
Arapie [ Stroke sequence number] = i;
/[set j as association id because current input stroke is
associated with j* stroke
Arapie [ Association Id] = j;
Set  Associationgp,; = True;
}
}
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Step 3: /I Association Rule 3

If (Associationgp, is False)

{
I/ set i the sequence number of current input stroke
Arapie | Stroke sequence number] = i;
/set i as association id with because not associated with any
previously input strokes
Arapie | Association Id] = i;

}

Step 4: Exit

This algorithm is now explained with the help of an example Gurmukhi script word
[arand/. As shown in Figure 4.7, a writer has used eleven strokes to write this word. The

strokes are shown in different colors to distinguish them. Sequence of writing these
strokes has been provided with input sequence number through 1 to 11. The details
pertaining to these sequentially input strokes have been shown in separate Tables 4.1(a)-
(1) and final association results are presented in Table 4.1(k). The methodology adopted

for recording the information and for verifying association is described below:

—~

w

N 11
8

10 “
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I d 2 — 0
4 9
“w

>

Figure 4.7: Sequence of input strokes for forming the word /granxfl/

With the input of first stroke, stroke sequence number has been marked as ‘1’ and

association id "1" has been assigned to this stroke.

Table 4.1(a): Association table with one stroke
Stroke sequence number Shape of stroke Association id

1 A 1
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Now, association id is assigned to second stroke using Algorithm 4.3. Rule 3 shall be
used here to assign the association id as the stroke sequence number of current input

stroke and hence, marked ‘2’ as shown in Table 4.1(b).

Table 4.1(b): Association table formed with two strokes

Stroke sequence number Shape of stroke Association id

Next, we consider the stroke with sequence number '3’. Algorithm 4.3 is again used to

assign association id(s) to this stroke. The decision of partial/complete overlapping of this
stroke shall invoke Rule 2 of Algorithm 4.3. This overlapping is first checked with stroke

1" and then with stroke '2'. This schema shall look like the one given in Table 4.1(c).

Table 4.1(c): Association table formed with three strokes
Stroke sequence number Shape of stroke Association id

2 ‘ 2
3 ~__" 1
3 ~_" 2

Tables 4.1(d) — 4.1(k) contains the instances of schema when 4, 5, 6, 7, 8, 9, 10 and 11

strokes, respectively, have been taken as the input.
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Table 4.1(d): Association table formed with four Table 4.1(e): Association table formed with five

strokes strokes
Stroke Shape of S Stroke Shape of S
sequence Association id sequence Association id
stroke stroke
number number

1 d 1 1

|

Ao |(|(|—|a

Table 4.1(f): Association table formed with six Table 4.1(g): Association table formed with seven
strokes strokes
Stroke Stroke
sequence Shape of Association id sequence Shape of Association id
stroke stroke
number number
2 , 2 2 ‘ 2
3 ~—Y 1 3 ~—' 1
3 ~—“/ 2 3 ~_J 2
6 6 6 6
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Table 4.1(h): Association table formed with eight

Table 4.1(i): Association table formed with nine

strokes strokes
Stroke Stroke
sequence 823 geké)f Association id sequence Sst?geké)f Association id
number number

1 ., 1

1 ., 1

2 , 2 2 \ 2
3 ~—“ 1 3 ~—“ 1
3 ~— 2 3 ~—Y 2
4 d 4 4 d 4
s
6 6 6 6
8 j 8 8 c' 8

9 — 5

Table 4.1(j): Association table formed with ten

Table 4.1(k): Final association table formed with
eleven strokes

strokes
Stroke
sequence Shape of stroke  Association id
number

Stroke
sequence
number

Shape of stroke  Association id
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3 ~__J 1 3 ~__" 1
3 ~__J 2 3 ~__" 2
6 6 6 6
7 I 6 7 — 6
8 C’ 8 8 Cl 8
9 —— 5 9 ~ 5
10 I— 1 10 S— 1
10 I 2 10 I 2
10 I 3 10 I 3
10 [ 4 10 [ 4

11 J— 8

4.2.2 Sets of associated strokes

Set of associated strokes for a given Gurmukhi word is obtained with the help of the set
of stroke sequence numbers (S) and the set of association ids (4). Stroke sequence
number and association id are two different identities having interdependency over each
other. In the proposed approach, A is a subset of S as association is derived on the basis
of set of strokes. A relation defined on them allows the formation of sets of
associated strokes. The association ids and stroke sequence numbers of strokes
constitute a relation R over S X A. For this relation, the associated matrix My =

{mj;} can be computed as:
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{1, if (sia)) €R
mi; = .
0, otherwsie
Here, s;’s are the stroke sequence numbers and a;'s are association ids of the
strokes in a given Gurmukhi word. This can be noted that s; = a; for all the

elements of relation R. This concept has been used to form the sets of associated

strokes for Gurmukhi word under consideration.

Using association rules defined in Section 4.2.1, Table 4.1(k) was formed for the
word /arandl/ (Gurmukhi). This table contains the columns representing stroke

sequence number, shape of stroke, and association id. Using this table, the relation

R (defined over S x A) can be expressed as:

R = {(1,1), (2,2), (31), (3,2), (44), (55), (6,6), (7,6), (88), (9,5), (10,1),
(10,2), (10,3), (10,4), (11,8)}.

Consequently, My for this relation shall be:

Association id

1 2 3 4 5 6 8
1 1 0 0 0 0 0 O

2 01 0 0 0 0 O

B 3 1 1.0 0 0 0 0

E 4 00 0 1 0 0 O

- g 5 0 0 0 0 1 0 O
R S 6 0 0 0 0 0 1 O
= 7 0 0 0 0 0 1 0

2 8 0O 0 0 0 0 0 1

5 9 0 0 0 0 1 0 0

10 1 1 1 1 0 0 0

11 00 0 0 0 0 1

Associated Sets (4;)) A; A, As; A, As Ay Ag

Seven associated sets Ay, A,, Az, Ay, As, Ag, and Ag are formed using this matrix M.

These sets of associated strokes and their corresponding stroke sequence numbers are:
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A; =1{1,3,10}, A, = {2,3,10}, A; = {10}, A, = {4,10}, As = {5,9}, 4¢ = {6,7}, and
Ag = {8,11}. Now, union of association ids is carried out with corresponding sets of
associated strokes in order to obtain final elements of associated sets. The elements in the

sets of associated strokes will thus be:

Ay ={1}uU{1,3,10} = {1,3,10}, 4, = {2} U{2,3,10} = {2,3,10}, 45 = {3} U {10}
= (3,10}, A, = {4} U {4,10} = {4,10}, 4s = {5} U {5,9} = {5,9}, 4, = {6} U {6,7} =
{6,7},and 4g = {8} U {8,11} = {8, 11}.

4.2.3 Reduction of associated sets

The sets of associated strokes are further reduced. This is accomplished using a very
simple strategy. If set of associated strokes A; is a subset of A4;, we retain set A; for further

processing. Algorithm 4.4 has been used to implement this concept.

Algorithm 4.4: Reduction of associated sets

Input: All associated sets with marked as 4;.
Output: Reduced association sets (shown in Table 4.2)
Step 1: Do forall i =1toend

// for this example i = 1, 2, 3,4,5, 6, 8.
Do forall j=i+ 1toend
if (A; == NULL) then

break;
else
setD = A; N A4
if (D == Aj) then
A = A; U 4
Aj = NULL;
end if
end if
end for
end for
Step 2: Exit
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In section 4.2.2 seven associated sets were extracted. Out of those seven sets, set A5 is a
subset of A;and, also the subset of A,. Using proposed Algorithm 4.4, A; is merged
with A;. This resulted in reduction of six associated sets i.e. A1, A,, A4, Asg, Ag, and Ag.
These sets contain the information pertaining to stroke sequence number associated with
each other. In Table 4.2 we have provided that for a particular set like A;, three stroke

sequence number exist, viz. 1, 3 and 10.

Table 4.2: Final associated sets corresponding with their shapes

A, =1{1,3,10} A, ={2,3,10} A, = {4,10} As ={5,9} Ag =1{6,7} | Ag ={8,11}
10 10 10 7 1
——— 5
I
1d 6 8
2 4 O
3~/ 3~/

4.3 Pre-processing of online handwritten data

Pre-Processing is required to remove the noise or distortion from the input data which
encounters certain hardware/software limitations. This noise is available in the input data
as sharp edges, non-centred word, and unequal size of input character (Beigi et al., 1994a;
Jaeger et al., 2003). Thus, pre-processing is introduced to bring input data in symmetry
and get this raw data ready for feature extraction phase. A study by Jaeger et al. (2001)
has provided that pre-processing steps in online handwriting recognition help
significantly to improve the overall recognition rate. However, over a period few research
studies have discussed major issues and challenges of pre-processing phase of on-line
handwriting recognition for various scripts (Guerfali and Plamondon, 1993; Beigi, 1996;
Beigi et al., 1994a; Nagy, 2000). Thus, as already discussed in the previous sections raw
points R,will be transformed into pre-processed points P, that will further help us to
identify important features. Pre-processing phase of online handwritten character
recognition mainly includes four common steps, viz. removal of duplicate points, size
normalization and centring, interpolating missing points, and resampling. A detailed
application of these pre-processing steps has been discussed in the forthcoming sub

sections.
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Pre-processing is an important step in the online handwritten character recognition
process. When online handwritten data is collected, it is initially stored on the basis of
movements of the pen at various positions. Further, based on sequential strokes input by
the writer, the final picture of a character appears before us. Figure 4.8 provides a sample
screen shot view of input raw stroke used by an individual writer to write a Gurmukhi
character /u/. Whatever input raw stroke is provided by the writer, it is stored with n
number of points and will be presented as vector R, as mentioned in section 4.1. Here, n
is not fixed and may vary from stroke to stroke. Even if the same stroke is written again
by the same user, n may be different for both the strokes written by the user. After
introducing all the four important steps of pre-processing on this R,,, we get vector of pre-
processed points B,. In this, B, we will get fixed m number of points. For the present

research work, each input stroke stands fixed with m = 64.
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0 T T T 1
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Figure 4.8: Handwritten stroke before pre-processing

4.3.1 Removal of duplicate points

In this phase of pre-processing, the duplicate points have been identified and eliminated,
where the coordinates of any two points in a stroke were the same. The problem of
duplicate points in writing a character arises when stroke is overlapped due to its unique

77



shape or character. As a result, the pixels capture duplicate points while writing the input

stroke which need to be removed. Figure 4.9 presents a brief view of duplicate points
identified while writing a particular stroke to form Gurmukhi character /J/. Duplicate

points originating in writing this character have been highlighted. However, this process
does not change the shape of a stroke.
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Figure 4.9: A stroke of Gurmukhi character /u/ showing removal of duplicate or overlapped points

Algorithm 4.5 has been applied for removal of duplicate points present in the input data.
In this Algorithm, n numbers of points have been input as R,,; and an attempt has been
made to identify the duplicate points that have similar x,y coordinates. Output of this

algorithm is obtained as de”p in which we get n or less stroke points of input stroke R,,.

Algorithm 4.5: Removal of duplicate points

Input: Raw points of p™ stroke R, = {(Xp,, Yp,)» (Xp, Yp,)s e (Xp s Vp. )
(Xp, ¥p,)}

Output: Array of removed duplicate points de”” of input stroke R,,.

Step 1: Store raw points of input stroke in array de“p.

Step 2: forall i= 1tondo
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forall j=i+1tondo
deup(xpi) == deup (xpj) AND
B () == B (7,)

Delete deup ( xpj) and deup (ypj)

if

Step 3: return (P3"?)
4.3.2 Size normalization and centering

Every writer has a unique style of writing the text. These different handwriting styles of
users create the problem of variation in size of input. Hence, normalization is required as
the size of handwritten character will vary from person to person and even with same
person from time to time. It normalizes every stroke to the same size; centers to a
constant frame; and places the text at a fixed distance from the origin. So, while
collecting the sample data, the writers were at liberty to use their free style handwriting.
The problem that emerged was that every writer wrote a sample character in a different
size. Here, the system’s robustness could not be assumed to understand this variation in
size of input characters. So, to be on the safer side, the sample characters were re-sized to
bring them to some standard measure. Further, it was considered that proportion between
horizontal and vertical components of input data comprised of a basic characteristic of the
character. Hence, it was not possible to move ahead with skewing or stretching the input
data in order to re-size it. Some existing research studies have proposed size
normalization that introduces scaling based on the height of stroke (Aparna et al., 2004;
Joshi et al., 2005). However, it could not be applied on Gurmukhi script because of
ascender and descender regions in the character that result in variation in the height of a
character.

Size normalization and centering are important steps that contribute largely in the
recognition process. For this purpose, initially, a comparison of input stroke’s border
frame with standard fixed size frame was carried out. This resulted in moving the stroke
at the assumed center location. The steps are now performed to render the stroke in a size
of 300 x 300. Therefore, any stroke entered as less than or more than the proposed size

will be changed into a fixed size of 300 x 300. Figure 4.10 provides a view of unique
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size of strokes input by the writers and how through size normalization it has been
brought back to the proposed size. In the first case, a writer has such writing skills that he
normally uses a small size stroke to write a character as shown in Figure 4.10 (a).
Through the size normalization and centering process, the input character is brought to a
standard size. A view of normalized character at standard 300 x 300 pixels is provided
in Figure 4.10 (b).
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Figure 4.10: Handwriting character (a) before and (b) after normalization and centering

Figure 4.11(a) highlights the input stroke with raw points plotted in a vertical line; and
horizontal line is displayed in Figure 4.11(b). Initially, the previously proposed algorithm
for normalization and centering was applied (Sharma et al., 2009). However, when this
algorithm was applied, it give rise to the same problem that output obtained at 300 x
300 window was of small size especially when a user wrote in a horizontal/vertical line
than the size of this 300 x 300 window. This problem is highlighted in Figures 4.11(c)
and Figure 4.11(d). In such a case, the existing algorithm was not able to scatter the small
size input stroke. Thus, Algorithms 4.6 and 4.7 were applied to resolve the problem. The
output so obtained is displayed in Figures 4.11(e) and (f).
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Figure 4.11: Handwritten stroke (a) and (b) are raw points, (c) and (d) are after normalization and centering by

existing algorithms (Burr, 1983), (e) and (f) are proposed normalization and centering algorithms

The algorithms used for size normalization (Algorithm 4.6) and centering (Algorithm 4.7)

are explained below.
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Algorithm 4.6: Normalization

Input:

Output:

Step 1:
Step 2:

Step 3:

Step 4.

Step 5:

Step 6:

Removed duplicate points of pt" stroke de”p = {(xp, Yp,)» (X, Vp,)»
e ( Xpp_1 ypn—l)’ ( xpn’ ypn)}

Avrray of normalized points P*"™ of input stroke P;"*?.

Set X¢rame = 300 and Yerqme = 300.

Find the maximum of x-axis and y-axis co-ordinate points from P57,

as Xmin» Xmaxr Ymin and Ymax-

Compute
Sx = Xfrmae/ (xmax - xmin);
Sy = Yfrmae/ (Ymax — Ymin);

/I Take minimum value from between S, and S,, as scaling factor.
fact = MIN(Sy,S,)
forall i= 1tondo

Il where, PP (x;) is the i*" point in x-axis.

PRoT™ () =Py P (x;) = Xynin) * fact ;

I where, PP (y;) is the i*" point in y-axis.

PrT™(y) =B, (¥:) = Ymin) * fact ;

return(Py"™)

Algorithm 4.7: Centering

Input:

Output:

Step 1:

Step 2:

Normalized points of pt" stroke P*"™ = {( Xy, ¥p,), (Xp,, ¥p,),

e ( xpn—1’ypn—1)’ ( xpn’ypn)}

Array of centering points By¢™ of input stroke P;*°"™.

Find the maximum of x-axis and y-axis co-ordinate points from P7*°™™,

aS Xmins Xmax: Ymin and Ymax-

forall i= 1tondo
Il where, P3*"™ (x;) is the i*" point in x-axis.
Ppcent(xi) :Ppnorm(xi) + ((Xframe - Ppnorm(xmax))/Z;

I where, P;*°"™(y;) is the i" point in y-axis.
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Ppcent(yi) :Ppnorm(Yi) + ((Yframe - Ppnorm(ymax))/Z;
Step 3: return(Pfe™)

4.3.3 Interpolating the missing points

When a writer writes a character in hurried manner, it creates the problem that some
points of a stroke may get missed. Bezier and B-Spline are the two important techniques
used to calculate the missing points. For the purpose of this research study, Bezier
interpolation technique has been used as it helps in identifying the missing points from
the fixed number of available points. It makes use of a set of four consecutive points to
form a Bezier curve; and the next set of four points provides the next Bezier curve.
Algorithm 4.8 has been applied in this research work for interpolating the missing points.

In this algorithm, we input B ™ points of a stroke that we got after normalization and
centering step. Applying this algorithm, we get vector Pp"”t"’r which includes interpolated
missing points. Here, we get output as B,"*" which has more number of stroke points

than input By¢™.
Algorithm 4.8: Interpolating missing points:

Input: Normalized points of pt* stroke Bfe™ = {(x,,, ¥,) (Xp,, Yp,)»

e ( xpn—l’ ypn—l)’ ( xpn'ypn)}

Output: Array of centering points Ppi”t" of input stroke Pye™.
Step 1: Set  t=Total number of points in stroke Bi™.
Step 2: for(i=1i<ti++)

Repeat ((PFe™ (x;), (P™ (x141)) > 1))
Call Bezier (P (x;), PE™ (Xi41), PE™ (Xi42), PEE™ (X143));
a) Upgrade pi™ter ;
b) Set Rinter = pinter 4 1 ;
Step 3: Exit

Function Bezier (P£e™ (x;), Pfe™ (xi11), PE™ (xi12), PE™ (xi43))

for (u=01;u<1.0;u=u+0.1)
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Calculate x co-ordinate of new points as

(1 = w)®B7e™ (x) + 3u(l — w) Py (xp44) + 3(1 — wulBye™ (xi42) +
B (x15)

Calculate y co-ordinate of new points as

(1= w)3BEm () + 3u(l — WA (Y1) + 3(1 — WU () +

W3R (i)

Figure 4.12 provides a sample description of interpolated missing points got after the use
of above algorithm. In this particular stroke, we have input 171 raw points, and after
using the interpolation methodology we got 901 points.
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Figure 4.12: A handwritten stroke of Gurmukhi script interpolated missing points

4.3.4 Resampling

Resampling of points involves the points in the list to be equidistant from neighboring
points. Equidistant resampling is done to bring each stroke at an equal interval in space

along with its trajectory. After bringing uniform spacing between the data points, the
representation of a stroke is proposed as hereunder:

Py = {Pp,s Ppyy s P}
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Here, P, represents resampled pre-processed points of pt™ input stroke; and m denotes the
number of points in a stroke after pre-processing. In this research study, m is defined as
64. It means that, 64 (x, y) points for each stroke are fixed and these are equidistantly
placed to a great extent. Algorithm 4.9 has been applied for resampling of data points and
to get the output as resampled 64 data points. The effect of resampling is shown in Figure

4.13 where distance between the two successive data points is uniform.
Algorithm 4.9: Resampling

Input: Interpolated points of p™™ stroke B"*" = {(x,,, ¥p,), (Xp,, ¥p,),
wor (0 Voo s (X, Y )3
Output: Array of resampled pre-processed B, = {(x1,y1), (X2, ¥2), .+ s
(%63, Y63)» (X64, Vea)} OF input stroke Pinter.
Step 1: Calculate P as a total number of points after process of interpolating the
missing points.
Step 2: For getting the 64 points calculate N = ROUNDUP(P/64);
Step 3: for (i=1;i <64;i++)
a) For all the points of a stroke in a list, compute the average
from each N point of P{"*¢" (x;) and Pi™*e" (y;)
b) Reassign values to P,(x;) and P,(y;);
Step 4: return(P,)

85



L e e ee
300 o o
° ° °
g )
250 L o
o o
: o
200 . oo
o oo
) oo
) o0
150 o .
° 0
. R
100
“ee o000 '.
°
50 °
°
°
O T T T T T 1
0 50 100 150 200 250 300

Figure 4.13: Resampling of data points

4.4 Zone identification technique for online handwritten Gurmukhi script

In order to identify the stroke’s zone of each association, the writing space is divided into
three zones namely, upper, middle and lower zone. The details about different zones have
already been introduced in Section 1.3. All the strokes characterized from their associated
sets are mapped to their respective zones based on their range. This zone identification
provides the basic requirements for LibSVM classifier which finally helps in recognition
of characters. The zone identification is performed on the basis of maximum and
minimum range of each stroke on y-axis. This is performed in order of presence of stroke
in its corresponding associated sets. For better understanding, an example demonstrating
the zone identification of a character is shown below. From the defined rules, strokes
sequence number ‘1" and ‘2’ falls in middle zone, strokes sequence number ‘3’ and ‘4’ lies
in upper and lower zones, respectively. This allows formations of a set which defines the

zone division for all the strokes in a given word.

Algorithm 4.10: Zone Identification
Input: Associated set A4;

Output: Marked zone identification of each element (stroke) in 4;
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Step 1:
Step 2:
Step 3:

Step 4:
Step 5:

Compute Y4, and Yy, from all the elements in 4;

Compute Mspan = Yimax = Ymin

Zone ldentification

a)

b)

Upper Zone (Uy)

Unax = Ymax

Unmin = Ymax — Mgpan * 20/100
Middle Zone (M)

Mmax = Umin

Mpin = Ymax — Mapan * 80/100
Lower Zone (L)

Linax = Mmin

Linin = Ymin

Let n = count (4;) // number of strokes in A;

foralln (j=1ton)

if (Sj(ymax) < Umax AND Sj(ymin) > Umin)
S;.Zone = Upper

else if (Sj(ymax) < Mmax AND Sj(ymin) = Mmin)
S;.Zone = Middle

esle if (Sj(ymax) < Lmax AND Sj(ymin) 2 Lmin)

S]-. Zone = Lower

esle if (Sj(ymax) = Umin AND Sj(ymin) = Mmin)
if ((Sj(ymax) - Umin) > (Mmax - Sj()’min)))
Sj.Zone = Upper

else

S;.Zone = Middle
esle if (Sj(Vmax) < Mmax AND S;(Vmin) 2 Linin)
if ((Sj Vmax) — Mmin ) > (Mpin — S Wmin) ))
S;.Zone = Middle

else
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S]-.Zone = Lower
esle if (Sj(ymax) = Umin AND Sj(ymin) < Lmax)
S;.Zone = Middle

endfor

Step 6: Exit

min

Figure 4.14: Zone identification of handwritten Gurmukhi strokes

Algorithm 4.10 has been used to identify the zones of strokes used for the formation of
Gurmukhi word. The association sets that formulated the character in the previous section
have been taken as input in the proposed algorithm. The algorithm scaled the association
individually on the y-axis and classified the upper, middle and lower zone. The final
results traced after the implementation of the algorithm over the considered Gurmukhi
word is shown in Table 4.3. Each of the association set is individually analyzed and
marked to obtain the final zone based division of each stroke. Association set A,
contains stroke sequence number ‘1’ with middle zone, stroke sequence number '3’ in

lower zone and stroke sequence number 10" in upper zone.
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Table 4.3: Final associated sets corresponding with their zone identification

A, = {4 (M), 10 (U)}

10 10 10
. S I S
1d 2 d
3~/ 3~/ 4
5(M),9 (L)} Ag ={6(M),7 (M)} Ag = {8 (M),11 (U)}

H

7
——

11

4.4.1 Analysis of zone identification technique

The proposed zone identification technique has been tested on sample of Gurmukhi words

written by 10 users. Total 2,960 samples have been collected for the purpose of this

testing. It has been observed here that strokes written in upper zone are mainly confused

with middle zone. Similarly, strokes written in lower zone get confused with middle zone.

Same way a stroke written in middle zone if extended to upper or lower zone may create

confusion with regard to its inclusion in a particular zone. Table 4.4 has provided

accuracy of zone identification for input of Gurmukhi stroke by a writer. Average

accuracy achieved for zone identification of stroke in upper zone, middle zone and lower

zone is 95.5%, 98.9% and 93.8%. Overall accuracy for zone identification has been

achieved as 96.1%.

Table 4.4: Writer wise zone identification accuracy (in %)

Confusion Confusion Confusion

Users  JPpEr with Middle With Lower with Overall zone

zone Middle zone Upper Lower zone Middle identification
User 1 93.0 7.0 99.6 0.3 0.1 96.0 4.0 96.2
User 2 98.5 15 100.0 0.0 0.0 99.1 0.9 99.2
User 3 94.8 5.2 100.0 0.0 0.0 95.3 4.7 96.7
User 4 96.5 85 98.4 1.6 0.0 96.3 3.7 97.1
User 5 98.5 15 98.2 11 0.7 82.5 17.5 93.1
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User 6 925 7.5 97.8 1.3 0.9 98.4 1.6 96.2

User 7 96.7 3.3 98.1 1.2 0.7 86.4 13.6 93.7
User 8 96.1 3.9 99.7 0.3 0.0 95.3 4.7 97.0
User 9 92.1 7.9 98.5 0.9 0.6 93.5 6.5 94.7
User 10 96.5 3.5 98.8 0.7 0.5 95.1 4.9 96.8
Average 955 4.5 98.9 0.7 0.4 93.8 6.2 96.1

45  Feature extraction from online handwritten data

Pre-processing steps presented the input data into an acceptable form for feature
extraction. Hence, points identified in pre-processing phase provided the base for feature
extraction. Many existing studies on handwriting recognition have supported that
identification of appropriate features is an important step in the handwriting recognition
process (Suen et al., 1980; Impedovo et al., 1991; Gader and Khabou, 1996; Jinhai and
Liu, 1999). Many piece of research work on feature extraction has concluded that high
accuracy results of recognition can be achieved with appropriate features selected (Tier et
al., 1996). A recent study (Singh et al., 2011) provided that on feature extraction for
Gurmukhi script concluded that high accuracy result of 99.2% have been achieved for
numeral recognition using projection histogram and 99.13% accuracy has been obtained
using zonal density features. Hence, it was imperative for this research study to extract
relevant features from input data that will result in reducing computational complexities.
Extracting unique features requires very careful examination because features from one
script to another. There is no standard method to extract features from a script (Jaeger et
al., 2001) and in addition, features identified as efficient for one script may not be

efficient for another script.

Researchers have proposed wide range of different features for character recognition
process that include geometrical features, statistical features, topological features, global
features (Okamoto, 1999; Jose et al., 2002; Dongre et al., 2010). Broadly, features are
classified as low level and high level features. Low level features focus on estimation of
neighboring points whereas high level features focus on large scale and provide
information regarding loop, headline, dots etc. In the present research study, we have
worked on feature extraction and proposed three important features that include positional
features, pre-processed features and features using reverse structuring. Detail explanation
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of these extracted features has been discussed in the forthcoming sub sections.

Mathematical formulation of feature vector is given below:
By = {Pp,sPpyy ) P}

= {Pp = {0 Y5 (0 ¥, ) 00 (X0 Vo) (X Yo}
l - —
Py = {(%pp Youm)r (Xpy 1 Yo Dr s (X0 V0, )s (X, ¥, )}
Here, F; is a feature and i is refers to as Class ID.
P, denotes resampled 64 points of x, y coordinates and feature vector size 128.
P, is reverse structure of resampled 64 points of x, y coordinates and feature vector size
128.

An example of stored featured vector is mentioned below:

Class_ID 154:x1 2:y1 3:x3 4:1yy ... 127: %64 128:y¢4 }

F =
ClassID {Class_ID 154: %64 2: Vo4 3: X63 4: V63 ... 12712, 128:y,

Here, feature vector of size 128 has been stored with LibSVM class Id '154’, 128 (x, y)
coordinates points as feature of a stroke.

4.5.1 Extraction of pre-processed features

The important aspect of handwriting recognition system is the selection of good feature
set, which is reasonably invariant with respect to shape variations caused by various
writing styles. This section describes some of the features extracted from the raw data
which have been used for classification. Points generated after pre-processing phase are
used as features for recognition. In the present work, P, resampled 64 (x,y) points for
each stroke are fixed and are equidistant as far as possible. The extracted feature, i.e., x
and y coordinates of each stroke were stored in LibSVM format as
(%1, 1), (X2, V2), .« or, (X3, Ve3), (X64, Yea) TOr recognition and thus obtaining the desired
class to which a stroke belongs.
Py ={(x1, 1), (x2,¥2), - ) (X63, Y63, (X64s Y6u)

Figure 4.15 provides a brief description of raw points R, and pre-processed points P,

where plotted 64 (x,y) points ranging from (xq, 1), (X2, ¥2), .+ ., (X63, V63)) (X64) Vs
have been shown that will be stored in feature vector.

Figure 4.15: Illustration of (a) Raw points (b) preprocessed 64 points
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4.5.2 Extraction of features using reverse structure

Here, we have targeted the problem of recognizing online handwritten character
where a user may write that character in reverse order than the usual order of
writing it. Hence, we used the same method of identifying 64 points (x,y)
coordinates written by user in reverse order. For this purpose the extracted feature,
i.e., X and y coordinates of each stroke have been stored in LibSVM format as x4, Vg4,

Xo3, Vo3, » X1, y1 TOr recognition and obtained the desired class to which a stroke

belongs.

Reverse Structure Pp = {(Xe4, Voa), (X63, Ve3)s -+ ooer (X2, V2), (1, ¥1)}

Figure 4.16 provides a brief description of raw points R, and pre-processed points B,

where plotted 64 (x, y) points ranging from {(xe4, ¥e4), (X63, Y63)s -+ -» (X2, ¥2), (x1, y1)}
have been shown that will be stored in feature vector.
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Figure 4.16: lllustration of (a) Raw points (b) Pre-processed 64 (x, y) points for reverse structuring

4.6  Chapter summary

In this chapter, proposed pre-processing, feature extraction and zone identification
technique adopted for recognition of online handwritten Gurmukhi script have been
discussed. Steps involved in pre-processing have also been explained. Pre-processing is
used for removing noisy artifacts from handwriting and it also helps in correcting
imperfections. Pre-processing involves preliminary analysis of stroke, association of
strokes, size normalization and centering, interpolating missing points, and resampling.
Detail working of proposed preprocessing steps introduced in this study has been
explained. This chapter also provides proposed zone identification technique adopted for
recognition of online handwritten Gurmukhi script. Last section of this chapter provides
broad features extracted for the purpose of this study. Final recognition and post

processing phase of this process has been explained in the next chapter.
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CHAPTER 5

RECOGNITION AND
PROPOSED POST-PROCESSING ALGORITHMS

Pre-processing steps, as discussed in previous chapters, help in removing noisy artifacts
from handwriting and also in getting a uniform representation of input data. Previous
chapter has also provided an insight on important features extracted and used in the
present research work. In this chapter, proposed post-processing methodology has been
provided, in detail. Experimentation for achieving high recognition accuracy has been
discussed in Section 5.1. Section 5.2 describes the rule book formulated for post-
processing. Methodology of post-segmentation of stroke sets, sequencing of stroke sets,
and merging the stroke sets for the purpose of post-processing have been described in
Section 5.3. This chapter also covers some of the ambiguities faced in recognition of
online handwritten Gurmukhi script and their solutions in Section 5.4. Section 5.5
demonstrates the process for formation of Gurmukhi character, akshara and word. Finally,
Section 5.6 provides the recognition accuracy achieved for Gurmukhi character/numeral,

akshara and word formation.

SVM has emerged as a promising data classification technique that is applied for solving
various data mining problems. SVM works well for a given set of training data, where
each set can be marked as belonging to separate category. SVM classifier endeavors to
provide a decision model for predicting the inclusion of new variable in one of the
existing categories. The difficulties in constructing SVM model are selecting the kernel
function and its parameters. For current research work, LibSVM tool with Radial Basis
Function (RBF) kernel has been used as it maps every input to infinite dimensional space.
Selecting the parameter values for SVM is also very crucial because if they are not set
properly then the classification outcome will not be optimal. Table 5.1 given below

provides a list of parameters and their default values used in RBF kernel.



Table 5.1: Parameters and their default values for RBF kernel in LibSVM

S. No. Parameter Default value
1. Gamma (y) 1/ number of features
2. Coefficient (r) 0
3. Degree (d) 3
4. Epsilon (&) 0.001
5. Penalty factor (C) 1

Although number of learning parameters can be used for constructing SVM yet the most
crucial among them is to decide about the proper value of penalty factor and learning rate.
Hence, in this research study various combinations between complexity of decision rule
and frequency of error has been controlled by changing the value of parameter C and y.
Objective function of SVM cannot allow extreme values of C. If the value of C is too
large, the optimization will select a smaller margin hyper plane. Similarly, a smaller value
of y gives low bias and high variance whereas the large value of gamma gives higher bias
and low variance. In practice, to obtain the optimal results, the parameter C is varied
through a wide range of values by making use of a separate validation set known as cross-
validation for verifying performance using only a training set (Taylor and Cristianini,
2004; Verma and Sharma, 2014).

5.1 Experimentation for achieving higher recognition accuracy

Gurmukhi characters are categorized into three writing zones viz. Upper zone, Middle
zone and Lower zone (as discussed in Section 1.3). Hence, to resolve this problem,
Algorithm 4.10 has been used for zone identification. In this research work, three RBF
engines have been designed viz. Engine A (Upper zone), Engine B (Middle zone) and
Engine C (Lower zone). Once the zone of a stroke is identified they are tested on their

respective engine.

In the present study, cross-validation has been done at 2-fold, 3-fold, 4-fold and 5-fold for
three separate engines viz. Engine A, Engine B, and Engine C. Lastly, a separate Engine
D has also been used to test the samples from combined (Upper + Middle + Lower)
zones. A total of 826 samples were collected for seven classes of Upper zone. In Engine
A, the sample of 826 Gurmukhi strokes has been used to train the engine and tested at 2-
fold, 3-fold, 4-fold and 5-fold cross-validation. Comparative results of accuracy for all

these levels have been obtained and provided in Table 5.2. Highest accuracy of 98.7% has
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been achieved at 5-fold cross-validation. As most of the Gurmukhi characters are
included in Middle zone. For Engine B, a sample of 10,740 Gurmukhi strokes has been
used to train the engine and tested again at 2-fold, 3-fold, 4-fold and 5-fold cross-
validation. Total numbers of 86 classes have been considered for Middle zone. Among
these results, the highest accuracy of 96.7% has been achieved at 5-fold level. Three
classes of Lower zone of Gurmukhi strokes have been considered and a total of 317
collected samples have been used to train the Engine C. In this case, highest accuracy of
100.0% has been achieved at 2-fold, 3-fold, 4-fold and 5-fold level. Finally, a separate
testing of 11,883 samples of Gurmukhi script has been done with Engine D, considering
all the three zones in aggregation. Highest accuracy of 95.3% has been achieved at 5-fold

cross validation in this experiment.

Table 5.2: Performance of LibSVM for different engines

Accuracy

2-fold 3-fold 4-fold 5-fold
Engine A: Upper Zone
Number of Samples: 826 98.2% 98.1% 98.2% 98.7%
Number of Classes: 7
C (penalty factor ) 32 32 32 16
y (learning rate) 0.001953 0.001953 0.001953  0.007812
Engine B: Middle Zone
Number of Samples: 10,740 96.2% 96.5% 96.7% 96.7%
Number of Classes: 86
C ( penalty factor) 8 8 32 128
y (learning rate) 0.001953 0.001953 0.001953  0.001953
Engine C: Lower Zone
Number of Samples: 317 100.0% 100.0% 100.0% 100.0%
Number of Classes: 3
C ( penalty factor ) 2 2 2 2
y (learning rate) 0.007812 0.007812 0.007812  0.007812
Average 98.1% 98.2% 98.5% 98.3%
Engine D: Upper + Middle + Lower Zone
Number of Samples: 11,883 94.6% 94.9% 95.3% 95.3%
Number of Classes: 96
C ( penalty factor ) 32 8 32 128
y (learning rate) 0.001953 0.001953 0.001953  0.007812

After cross-validation, accuracy achieved at different folds was compared and highest

accuracy achieved at fixed parameters was recorded. As mentioned earlier in Section 4.4,
a Gurmukhi word /arandl/ was considered for the purpose of zone identification. Based on

the zone identification and feature extraction (as discussed in Section 4.5), it is decided
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that a stroke will pass to which particular LibSVM engine. As shown in Table 5.3 below,

each stroke in association set will include one more parameter i.e., class ID, obtained

from the trained LibSVM engine.

Table 5.3: Final association sets with zone marking and class 1D

A, = {1 (M) (164),3 (L)(101),10 (U)(121)}

A, = {2 (M) (162),3(L) (101),10(U)(121)}

10
——————

2
3 ~—/

As = {5 (M) (152),9 (L) (101)}

&

IN—

As = {6 (M)(159),7 (M) (163)}

Ag = {8 (M) (216),11 (U) (121)}

7 11

5.2  Formulation of rule book for post-processing

An important contribution of the present research work is in the form of framing a rule
book for post-processing. This rule book has been provided for the formation of
character. In this work, smallest unit of writing a Gurmukhi character is a stroke.
Combination of strokes forms a character and further collection of characters with or
without vowel modifiers form a word. Notation and definition for forming rule book are

provided below.

Notations: For formation of Gurmukhi text, three sets, i.e., character (C), vowels (V),

nasals (N), and numerals (NU) are used, as described below.

C= {@, W, e, HJ,d,4,d,W,%,49,8,H,9,7%73,3,3,%S,3,5,¢0,3,U,¢,9,3,HU,74d,35< 3}
V= {Mukta, oT, f‘.’j}, .cﬁ’ °, 0, \, A, 5, f:?, }

v

N={c ¢ }
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NU={o, 9,%,3,8,Y, ¢, 09, t, ¢}

Definition 5.1: [Gurmukhi Script Strokes Tuple (T)]: In a tuple T, we have a Unicode and
d. Here Unicode is an element from C, V, N and NU; and d is the number of possible
strokes that form C, V, N and NU. LibSVM gives the class ID and w is the weight

assigned to the stroke in that tuple. This is written as:
T[Unicode]d = {LibSVM_Id (W)}

Table 5.4 given below provides rule book with possible combinations of class ID that will
lead to a formation of character/nasal/vowel modifiers or numeral. In this rule book,
weight (w) is an important consideration because if any stroke does not have a proper
weight for the formation of character then it is considered as noise. Assigning a weight to
a particular stroke is decided depending upon its requirement in the formation of a
character. However, that particular stroke used in different Tuple may have different
weight because that stroke may play a different role in different character formation. In
any Tuple, for the formation of a character, it has been hypothesized that minimum one

and maximum four strokes are required.

In the present approach, real time post-processing is done, where with an input of every
new stroke post-processor will recognize the character formed instead of recognizing the
character at the end of all input strokes. To implement this, each stroke used for formation
of a character has been assigned three weights w;, w,, and w5 These weights are
computed taking into consideration number of strokes input in an association set, the
number of strokes matched in a tuple and total number of strokes (d) in an activated
tuple. LibSVM gives output in the form of stroke number for every stroke written by a
writer but does not know the character that will ultimately be formed. However, on the
basis of the strokes, proposed post-processor algorithm gives an indication about

particular set i.e., character/vowel/nasal.
In this work, weights w;, w, and w5 are computed as under

Number of strokes matched in a tuple (m)

w, =
1™ Total number of strokes in an activated tuple (d)

Number of strokes matched in a tuple (m)

W =
2™ Number of strokes input in an association set (a)
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w3 = is sum of weights of matched strokes in a tuple

Now, the tuples having w5 > threshold (0.8) are the possible tuples for character, vowel
or nasal formation. Out of the activated tuples (having w5 > 0.8), the tuple with maximum

(w; + w,) is selected for character/vowel/nasal formation.

Table 5.4: Gurmukhi character/nasal/vowel/numeral with their possible combination of class 1d(s)

S.No. Unicode Character shape Gurmukhi Script Strokes Tuple (T)
(name) T[Unicode]d = {LibSVM Id (W)}

1 U+0A73 € loordl Tru+oazan={ 141 1.0 }
Tru+oa732={ 141 (08), 121 (02}
Tru+oa732={ 141 (08), 163 (0.2}
Tru+oaran={ 142 (1.0}
Tru+oazae={ 142 (0s), 121 (02}
Tru+oa7312={ 142 (0.8), 163 (0.2}

2 U+0A05 w lairé/ Tru+omosi={ 144 (0.8}
Tru+onos2={ 145 (0.6), 162 (0.4}
3 U+0A72 el [iril T[U+0A72]2:{146 (0.5)s 147 (0_5)}

Tru+oa7213={146 (0.4), 147 (0.4), 121 (0.2}
Tru+oa7212={146 (0.5, 148 (05)}
Tru+oa7213={146 (0.4), 148 (0.4), 121 (0.2}
Tru+oa7212={146 (0.5, 149 (05)}
Tru+oa7213={146 (0.4), 149 (0.4), 121 (0.2}
Tru+oa7212={148 (05, 149 (05)}
Tru+oa7213={148 (0.4), 149 (0.4), 121 (02) }
Tru+0a721={150 (1.0) }

Tru+0a7212={150 (0.8), 121 (0.2}
Truroar2n={177 1.0) }

Tru+oa7212={177 (0.8), 121 (02)}
Tru+0a7212={182 (05), 147 (05}
Tru+0a7213={182 (0.4), 147 (0.2), 121 (0.2) }
Tru+oa7212={182 (05, 148 (05)}
Tru+0a7213={182 (0.4), 148 (0.4), 121 (02)}
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Tru+0a7212={182 (05), 149 (05}
Tru+oa7213={182 (0.4, 149 (0.4), 121 (0.2}
Tru+0a7212={225 (05), 147 (05}
Tru+0a7213={225 (0.4), 147 (0.4), 121 (0.2}
Tru+0a7212={225 (0.5, 148 (05)}
Tru+oa7213={225 (0.4, 148 (0.4), 121 (0.2}
Tru+0a7212={225 (05), 149 (05}
Tru+0a7213={225 (0.4), 149 (0.2), 121 (02)}

U+0A38

H

[sassa/

Tru+oass2={151 (05, 154 (05) }
Tru+0a3813={151 (04), 162 (03), 121 (03) }
Tru+0a3812={152 (o), 121 (0.4) }
Tru+oasen={153 1.0 }

U+0A39

/haha/

Tru+0a391={155 (1.0) }
Tru+0a3912={155 (08), 121 (02 }
Tru+oa3911={156 (1.0) }

U+0A15

d

Ikakka/

Tru+0a1s1={157 (1.0) }
Tru+0a152={157 (08), 121 (02 }
Tru+oa1s51={158 (1.0) }

U+0A16

o

/khakkha/

Tru+oa1612={159 (0.6), 163 (0.4) }
Tru+0a1611={160 (1.0) }
Tru+oa163={161 (0.4), 162 (03), 163 (03) }

U+0A18

w

/kagga/

Tru+oa1811={166 (1.0) }
Tru+0a1812={167 (0.7), 162 (03) }

U+0A19

B)

[nand/

Tru+oa192={168 (1.0) }
Tru+oa1912={168 (0.8), 121 (02) }
Tru+0a1911={169 (1.0) }

10

U+0A1A

d

/chachcha/

Tru+0a1a11={170 (10) }

Tru+0a1a12={170 (08), 121 (0.2) }
Tru+oa1an={171 (1.0) }

Tru+0a1a12={226 (0.5, 162 (05 }
Tru+0a1a13={226 (0.4), 162 (0.4, 121 02 }
Tru+oa1a12={226 (05), 154 (05) }
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11

U+0A1B

8

/chhachh&/

Tru+oa1eni={172 (1.0) }
Tru+oa1e2={172 (8), 121 (02 }
Tru+oaen={173 (1.0) }

12

U+0A1C

H

ljajjal

Tru+oa1c2={174 (s), 154 (05) }
Tru+oa1c2={174 (), 162 (05 }
Tru+oa1cz={174 (0.4), 162 0.4y, 121 02) }
Tru+oa1cni={175 (1.0) }

Tru+oa1c2={222 (5, 162 (05 }
Tru+oa1cz={222 (0.4, 162 0.4y, 121 (02) }
Tru+oa1c2={223 (05), 162 (05 }
Tru+oa1c3={223 (0.4), 162 0.4y, 121 (02) }

13

U+0A1D

£

/cajha/

Tru+oa1012={148 (05), 157 (05) }
Tru+0a1013={148 (0.4), 157 0.4y, 121 (0.2 }
Tru+oa1012={148 (05), 158 (05) }
Tru+oa1013={148 (0.4), 158 (0.4, 121 (02) }
Tru+oa1013={176 (1.0}

Tru+0a1012={176 (0.8), 121 (0.2) }
Tru+0a1012={177 (0.5, 157 (05 }
Tru+0a1013={177 (0.4), 157 04y, 121 02) }
Tiu+0a1012={177 (05), 158 (05) }
Tru+0a1013={177 (0.4), 158 0.4y, 121 02) }

14

U+0AlE

T

[nana/

Tru+oa1e={147 ©5), 179 (05}
Tru+oa1e3={147 (0.4), 179 (04, 121 (02 }
Tru+oa1e2={148 (05), 179 (05) }
Tru+oa1e3={148 (0.4), 179 04y, 121 02 }
Tru+oa1e11={180 (1.0) }

Tru+oa1e2={180 (0.8), 121 (02) }
Tru+oa1e2={181 (05), 147 (05) }
Tru+oa1e13={181 (0.4), 147 04y, 121 02 }

15

U+0AlF

<

[tainkal

Tru+oa1r1={146 (1.0) }
Tru+oa1r2={146 (s), 121 (02 }
Tru+oa1r1={182 (10) }
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16

U+0A20

<)

[thaththdél

Tru+0a201n1={183 (1.0) }
Tru+oa2011={184 (1.0 }
Tru+0a202={184 (08), 121 (02 }

17

U+0A21

Idaddal

Tru+0a211={185 (1.0) }
Tru+0a212={186 (0.8), 121 (02) }

18

U+0A22

[tadh&l

Tru+0a221={187 (1.0) }
Tru+0a2212={187 (0.8), 121 (02) }
Tru+oa2211={188 (1.0) }

19

U+0A23

[nand/

Tru+0a231={190 (1.0) }
Tru+0a2312={190 (0.8), 121 (02) }

20

U+0A24

Itatta/

Tru+0a2411={191 (1.0) }
Tru+om2411={192 (1.0 }
Tru+oa2212={192 (0.7), 121 (03) }

21

U+0A25

=)

/thaththa/

Tru+0a2513={159 (0.4, 163 (03), 121 (03) }
Tru+oa2512={160 (0.6), 121 (0.4) }

Tru+oa2514={161 (0.2, 162 (02) , 163 (0.2), 121 (0.3}
Tiu+oa2s513={161 (0.4), 154 (0.3), 163 (0.3) }
Tru+oa2512={163 (0.4), 195 (06}

22

U+0A26

El

/dadda/

Tru+0a2611={193 (1.0) }
Tru+oa2612={193 (0.8), 121 (02) }
Tru+on2611={194 (1.0) }

23

U+0A27

Q)

/tadha/

Tru+0a2712={159 (0.6), 121 (0.4) }
Tru+oa2712={161 (05, 154 (05) }
Tru+oa2713={161 (0.4), 162 (0.3), 121 (03) }
Tru+0a2712={195 (1.0) }

24

U+0A28

5]

/nanna/

Tru+oa2812={146 (0.5, 197 (05) }
Tru+oa283={146 (0.4), 197 04y, 121 (02) }
Tru+oa2812={182 (0.6), 197 (0.4) }
Tru+0a2813={182 (0.4), 197 (0.4), 121 (02) }
Tru+oa2811={196 (1.0) }

Tru+oa2812={196 (0.8), 121 (02) }
Tru+0a2812={225 (05), 197 (055 }
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Tru+0a2813={225 (0.4), 197 0.4y, 121 (02) }

25

U+0A2A

u

Ipappa/

Tru+oa2a11={159 (1.0) }
Tru+oa2a12={161 (055, 162 (05) }

26

U+0A2B

/phaphpha/

Tru+oa2812={200 (0.8), 121 (02) }
Tru+o0a2811={201 (1.0) }

27

U+0A2C

g

/babba/

Tru+oa2c2={202 (.6), 162 (0.4) }
Tru+oa2c13={202 (06), 162 (0.2), 121 (0.2) }
Tru+oa2c12={202 (0.6), 154 (0.4) }
Tru+oa2ci={203 (1.0) }

Tru+oa2c12={203 (0.g), 121 (02) }

28

U+0A2D

/pabha/

Tru+o0a2012={204 (0.8), 121 (0.2 }
Tru+oa2011={205 (1.0) }

29

U+0A2E

H

/mamma/

Tru+oa2e2={151 (0:5), 162 (05}
Tru+oa2eni={152 (1.0}

30

U+0A2F

lyayyal

Tru+oa2r2={207 (05), 154 (05 }
Tru+oa2r3={207 (0.4), 162 (0.4, 121 (0.2 }
Tru+0a2r11={208 (1.0) }

Tru+0a2612={209 (0.8), 121 (0.2) }

31

U+0A30

Irara/

Tru+oasz01={164 (1.0 }
Tru+oas02={164 (0.8, 121 (02 }
Tru+0a301={165 (1.0) }

32

U+0A32

&

llalla/

Tru+0a3213={148 (0.3), 149 (03), 197 (04) }
Tru+oa3214={148 (0.3, 149 (03), 197 (03), 121 0.0y}
Tiu+0a3212={148 (0.5, 198 (05) }
Tru+0a3213={148 (0.4), 198 (04), 121 02 }
Tru+0a3212={150 (0.6), 197 (0.4) }
Tru+0a3213={150 (0.6), 197 (02), 121 (02) }
Tru+0a3212={150 (0.6), 147 (0.4) }
Tru+0a3213={150 (), 147 02), 121 02 }
Tru+0a3212={177 (0.4, 197 (0.4)}
Tiu+0a3213={177 (0.4), 197 0.4y, 121 (0.2) }
Tru+0a322={177 (0.6), 147 (0.4) }
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Tru+o0a3213={177 ©s), 147 02), 121 02 }
Tru+oa321={210 (1.0 }

Tru+0a3212={210 (08), 121 (02 }
Tru+oa3212={224 (0.4), 225 (0.4)}
Tru+0a3213={224 (0.4), 225 (04y, 121 (02) }

U+0A35 = Ivaval Tru+o0azs={179 (1.0) }
Tru+0a3s2={179 (o), 121 (0.2}
Tru+oass={181 @.0)}

U+0AS5C 3 lraral T[U+OA5C]2:{212 (0.5)s 147 (0.5) }
Tru+oasc3={212 (0.4), 147 (0.4), 121 (0.2) }

35 U+0A3E or /kanna/ Tru+onsen={154 o) }

Tru+onsen={162 (10 }
36 U+0A3F fo [siharil Tsonsrn={215 .0 }
37 U+0A40 o iharil  Tp.onon={216 1o }
38 U+0A47 3 l1al Truroasrn={122 (10) }
39 U+0A48 3 fdulawal  Tyysonaen={123 (10) }
40 U+0A41 g] lainkar!  Tiywoaa1n={101 (1) }
41  U+0A42 o [dulainkre/  Tiy.opan={106 (10) }
42 U+0A4B 3 Ihordl Tpysonien={124 w.0) }
43 U+0AAC 0§ [kanairdl  Tpeomzn={133 1o }
44 U+0A70 & Ifipil Tru+oa701={128 (10) }
45 U+0A71 & ladhak/  Tiyioazn={126 0y }
46 U+0A66 o Isifar/ Tru+o0nee11={360 (1.0) }
47 U+0A67 g fikk/ Trusoasi={351 1.0) }
48 U+0AB8 2 /do/ Tru+oass={352 (1.0) }
49 U+0AB9 3 ftinn/ Tru+onee={353 (1.0) }
50 U+0ABA g [char/ Tru+oasan={354 (10) }
51 U+0A6B y Ipanj/ Tru+0aee11={355 (1.0) }
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52 UOA6C &  Jochhel  Toowomeci={356 oo}
Tru+oasc2={361 (0.5, 362 (05) }

53 U+0A6D D) [satt/ T[u+OA6D]1={357 (1.0) }
54 U+0ABE lathl Tru+omee={358 (1.0) }
55 U+0A6F e Inaal Tru+o0aer11={359 (1.0) }

Tru+oasr12={358 (05), 362 (05) }

5.3  Post-processing

In post-processing phase, misclassified results are corrected with the help of orthography
knowledge. At this stage of online handwriting recognition process, recognized strokes
have been verified through identified features of a stroke in the Gurmukhi script. Post-
processing is an important step in handwriting recognition process as it endeavors to
bring corrections in the formation of a character that comes from the recognizer. Hence,
after post-processing recognition accuracy increases considerably and more promising
results are obtained. In this research work, post-processing phase has been implemented
in three steps, viz. post-segmentation of stroke sets, sequencing of stroke sets, and

merging the stroke sets which are discussed in detail in the forthcoming sub sections.

Figure 5.1 provides a broad overview of post processing phase implemented in this study.
As explained in Section 5.1, association sets were obtained along with their information
about stroke sequence number, class ID and identified zone. This information becomes
input for post-segmentation, where the association sets are divided into two categories,
viz. consonants based association sets (A®) and vowel/nasal based association sets (4Y).
In the step of sequencing of stroke sets, A® and AV are sorted based on X,,,;,, and X,,,4, of
strokes, respectively. Finally, in merging the stroke sets a rule book is referred for each
association set and their weights (w;, w, andws;) are computed. With this, each
association set provides a Unicode of Gurmukhi script and by combining these Unicodes,

desired output is obtained.
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Post-processing
[Input: association sets along with stroke sequence number,
class ID, and zone identification information |

Post-segmentation of stroke sets
a) Consonant based association sets (A%)
b) Vowel or nasal based association sets (A")

Sequencing of stroke sets
a) Sorting of A® based on X,,p,
b) Sorting of A based on X4

Merging the stroke sets <

Unicode of Gurmukhi script

Figure 5.1: Post-processing phase

5.3.1 Post-segmentation of stroke sets

Post-segmentation of strokes has been proposed as an important step in the post-
processing phase of online handwritten Gurmukhi script in this work. In this step, the set
of associations are processed to determine the final shape of Gurmukhi character. To
assist this process, set M, as illustrated below, has been constructed. The set contains
class IDs used to form vowel modifiers and nasal included in Gurmukhi script. Each
association set is checked for vowel modifier or nasal as mentioned in set M. If an
association set contains any of the strokes in the set M, then that stroke is removed from
the current association set. A new association set is created for the same, i.e., vowel/nasal
based association set (4Y). Remaining elements in association set will be known as a

separate set, i.e., consonant based association set (4°).
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N 3 = —
M={101(— ), 106 ( = ),122(  ),123( ), 124( ) 126( ),

0 B R | & ]

128 ( ), 133 ( ), 154 ( ), 162 ( ), 215 ( ), 216 ( )}

Algorithm 5.1 has been used to implement post-segmentation of stroke sets. Here, we
input each association set A; along with the information about their stroke sequence
number, class ID, and zone identification. Further, based upon the proposed methodology

this association set is divided into two or more subsets, viz. A¢ and AV.

Algorithm 5.1: Post-segmentation of stroke sets

Input: Association sets along with their stroke sequence number, class ID, and
zone identification.

Output: Association Table 5.5, consonant based association set (A%) and
vowel/nasal based association set (4Y).

Step 1: Verify each association set (4; ), whether any class ID of association set
belongs to set M.

Step 2: If Step 1 is true, separate that class ID along with stroke sequence number,
and zone identification to newly formed set called vowel/nasal based
association set (4Y) and remaining elements form a set, called consonant

based association set (4°).

This algorithm is now explained with the help of an example of Gurmukhi script word
faaqdt/. As shown in Table 5.5, the transformation of association set as created in
Section 5.1 have been converted into consonant based association set (A¢) and
vowel/nasal based association set (AV). Here, before post-segmentation of association
sets, there were seven association sets, i.e., Ay, 4,, A3, A4, As, Ag, and Ag. After post-

segmentation, these association sets have been classified into two separate association

sets with their respective information.
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Table 5.5: Association sets before and after post-segmentation

Association sets before post-segmentation

A® and AV association sets after post-
segmentation

Ay = {1 (M) (164),3 (L)(101), 10 (U)(121)}

AS = {1 (M) (164),10 (U)(121)}
AY = (3 (LH(0D)}

A, ={2 (M) (162),3(L) (101),10(U)(121)}

AS = {10(U)(121)}
AY = {2 (M) (162)}
AY = {3(L)(101)}

A, = {4 (M)(164),10 (U) (121)}

AS = {4 (M)(164),10 (U) (121)}

As = {5 (M) (152),9 (L) (101)}

A§ = {5 (M) (152)}
AY = {9 (L)(101)}

Ag = (6 (M)(159),7 (M) (163)}

A = {6 (M)(159),7 (M) (163)}

Ag = {8 (M) (216),11 (U) (121)}

AS = {11 (U) (121)}
AY = (8 (M) (216)}

5.3.2 Sequencing of stroke sets

Next important step introduced in the post-processing phase is sequencing of stroke sets.
Consonant based association set (A¢) and vowel/nasal based association set (A") obtained
as output sets in the Section 5.3.1 become input here. From these classified sets of A¢
and AV, sorted sets AS are obtained based on X,,;, and X,,,, respectively. Table 5.6
presented below provides detail of sorted sets obtained as A3, 43, 43, A3, A3, A3, AS, A3,
AS, AS,, and A$,. Algorithm 5.2 has been proposed for sequencing of stroke sets. This
algorithm provides that for sequencing of stroke sets two important steps are required. In
the first step, X,,;, is computed from all the elements in A and X,,,., is computed from
all the elements in A}’ (except for class ID ‘121" is called head line). Here, i = 1,2,..,6

andj =1,2,..,5. These computed X,,;, and X,, 4, are used for sorting the stroke sets.

This process helps in joining the vowel modifiers/nasal with consonants.
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Algorithm 5.2: Sequencing of stroke sets

Input: Consonant based association sets (A¢) and vowel/nasal based association
sets (4Y).
Output: Table 5.6, sorted sets AS are obtained from A® and AV based on X,,;,, and

Xomax reSpectively.

Step 1: Find X,,;, and X, form A¢ and AV on the basis of their raw points
(except class ID '121") respectively.

Step 2: Consider X,,;,, of A® and X,,,, of AV for sorting except considering class
ID '121'. If any association set A¢ or AV has only one stroke, with class

ID "121’, then ignore it for sorting and place it at the end of the sorted list.

Table 5.6: Sorted association sets based on x-dimension

Sorted association sets
AS = {1 (M) (164),10 (U)(121)}
A3 = {2 (M) (162)}
A3 = {3 (L)(101)}
A3 = {3(W)(101)}
A% = {4 (M)(164),10 (U) (121)}
A3 = {5 (M) (152)}
43 = {9 (L)(101)}
AS = {6 (M)(159),7 (M) (163)}
A3 = {8 (M) (216)}
A3 = {10()(121)}
A3, = {11 (U) (121)}

5.3.3 Merging the stroke sets

As discussed in previous section, in a tuple, for the formation of a character, minimum
one and maximum four strokes are required. If a character is formed using more than one
stroke then forthcoming strokes are known as sub-strokes with respect to initial input
stroke. Merging the stroke sets has been proposed as final step in the post-processing
phase. In this step, a systematic procedure has been adopted to merge initial stroke and
sub-strokes required to form a character. Merging of stroke sets resolves the problem
where sub-strokes are separated from initial stroke due to sub-stroke falling in different

association or post-segmentation of stroke set. The procedure adopted has been discussed
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below for six different cases. However, there are few characters of Gurmukhi script that

do not require merging of stroke sets. They are provided in set X below.
X ={89,5%%7°3337%37%57995e3M, 99555 5070,93,3,84,€,t,¢}
Remaining characters of Gurmukhi script will fall under one of the following six cases.

In Case I, a set P, as given below, has been defined that includes stroke shapes along with
their class ID. If any association set has class ID that belongs to this set P, then that class
ID will require either class ID’154’(—]) or '162" ( |) for formation of a Gurmukhi
character. If required class ID (154’ or '162') is present in immediate next association

set, then it will borrow that stroke from there. Otherwise, it will be considered as noise.

» ¥ ) W s
P = {145( ), 151 ( ), 161 ( ), 167 ( ), 174 ( ),

202 ( & ), 207 ( & ), 222 ( ), 223 ( ), 226 ( v )}

Case Il considers those strokes which themselves are a Gurmukhi character, but when

they join with another stroke, it changes shape to form a new Gurmukhi character. Hence,

(J

if class ID '146' ( ) or 182’ ( ) or '225" ( ) are present in any association

set and next input stroke after sequencing is class ID 197" ( ) ), then character /2/

called /tainkal will be recognized as /&/ called /nanna/.

Case 111 handles for those input strokes which are in same association set, but may form

two different Gurmukhi characters depending upon their overlapping on y-axis. As shown
below, Gurmukhi character /2/ called /iri/ or /&/ called /nana/ can be formed with three

different combinations. This formation of Gurmukhi character will depend upon
overlapping of sub-stroke class ID ‘147’ with initial stroke class ID ‘146" or ‘182’
or'225',

~ c
Class ID 147’ ( ) + Class ID '146' ( )=¥€ors

~
Class ID '147' ( ) + Class ID 182’ ( )=€ors
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> ¢

Class ID 147’ ( ) + Class ID '225' ( )=Tor<s

~ Y
Case 1V considers merging of class ID ‘122" () and class ID 124" () for their

possibility of overlapping with each other on y-axis, provided they are present in same
association set. Hence, merging of class ID '122" and '124’ results in formation of /</

called vowel modifier /kanaural.

Case V provides for a special instance where repetition of a particular stroke used for

formation of vowel modifier leads to formation of a new Gurmukhi vowel modifier.

Hence, in this case two vowel modifiers /</ called /aiankar/ or /2/ called /lal have been
considered where their repetitive occurrence will lead to formation of /¢/ called vowel

modifier /duldinkre/ or /2/ called vowel modifier /duldwal respectively.

In Case VI, merging of two different Unicodes has been considered. Here, size of two

d ]

different strokes class ID ‘164’ ( ) or '165" ( ) with class ID 154" ( ) or

162" ( ) is matched in order to determine the formation of Gurmukhi character ar

/gaggéa/ or else it will become I7 /ré/.

5.4  Ambiguities in online handwritten Gurmukhi script and their solutions

Few problems associated with online handwritten Gurmukhi script have been discussed in
Chapter 1. These problems create ambiguity in recognizing online handwritten Gurmukhi
script. Hence, in this proposed methodology, an attempt has been made to resolve some
of the critical problems. To resolve these ambiguities, firstly broad set of rules (as
discussed in previous sections) pertaining to such problems are identified. In the second
step, identified rules are applied for disambiguation. In the forthcoming sub sections, the
problems involving ambiguity in online handwritten Gurmukhi script and the

methodology adopted to resolve these problems have been discussed.
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5.4.1 Sequencing and merging

The problem of sequencing and merging arises in online handwritten Gurmukhi script
when all input strokes belong to same character/word. However, sequence of input
strokes may be different which creates difficulty in merging them to form the desired

character/word. The Gurmukhi word /faATs/, as shown in Figure 1.5, can be written with
seven strokes. It is possible that a writer may write the vowel modifier (f) as the last
stroke. This way of writing the strokes in abrupt order will create ambiguity for the
recognition engine. In this study, this problem has been resolved by sequencing of stroke
sets in post-processing phase. Figure 5.2 provides Gurmukhi word /famms/ that has been
written with seven strokes. Each stroke belongs to its own association set,
viz. A, Ay, As, Ay, As and Ag. Here, association set A, has been used for vowel modifier

(f). However, after sequencing of stroke sets a proper order is reframed. Now, A, will

become 43, A; will change to 45 and so on (as shown in Figure 5.2). This process will

give required output for recognized Gurmukhi word /famTs/.

5.4.2 Slant writing

Other problem associated with Gurmukhi handwriting recognition is slanted writing style
of a writer. It happens when a writer follows a distinguished handwriting style in which
all the input strokes are written from left bottom to right top direction. Figure 5.3 provides
an overview of Gurmukhi word /af@ea/ written in slant writing style. To resolve this
problem, each stroke has been included in a separate association set. In the given example
(Figure 5.3), each stroke has been shown in a separate association set, viz. A;, 4,, A3, A,
and As. If any stroke belongs to only one association set and does not share any other

association set, then that slant writing will be recognized in desired manner.
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Engine Output fars

[ Try Again ]

Ag

Ay A; A, As

12761

Online Handwritten Recognition System for Gurmukhi Script

---——-—--Association

A1={1,6} A2={2,6} A3=(3,6} Ad={4 6} A5=(5 6}A6

Zone Identification-———-{
{1(M),6(U)} {2(M),6(U)} {3(M),6(U)}
{4(M),6(U)} {5(M),6(U)} {7(M)}

------- -LibSVM Enging--—-—
1(158,M) 2 (152,M) 3 (162,M) 4 (146,M)
5(197,M) 6 (121,U) 7 (215,M)

————-Post-processing-—————-
Post-segmentation

{1(158),6(121),} {2(152),6(121),} {3(162),}
{6(121),} {4(146),6(121),} {5(197),6(121),}
(7(215)}

Sequencing of stroke sets
{1(158),6(121),} {7(215),} {2(152),6(121),}
{3(162),} {4(146),6(121),} {5(197),6(121),}
{6(121),}

After Merging

{1(158),6(121),} {7(215),} {2(152),6(121),}
{3(162),} {4(146),6(121),5(197),} {6(121),}
Character(s) Formed

fams

Figure 5.2: Disambiguation through sequencing and merging
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S

Online Handwritten Recognition System for Gurmukhi Script

Engine Output 3fEeg | et | [ myagain |

————— Association----------
A1={1} A2={2} A3={3,4} A4={5} A5={6}
---------- Zone |dentification---—--—-

{1(M)} {2(M)} {3(M),4(U)} {S(M)} {6(M)}

= e LibSVM Engine-—------- -
1(165M) 2 (215,M) 3 (181,M)
4 (128,U) 5 (194,M) 6 (165,M)

Post-segmentation
- [(1(165)}{2(215),} {3(181).} {4(128) }
{5(194),}{6(165),}

Sequencing of stroke sets
{1(165),} {3(181),} {2(215),} {4(128),}
{5(194),}{6(165) }

After Merging
{1(165),} {3(181),} {2(215),} {4(128),}
{5(194),} {6(165),}

Character(s) Formed

108.25

Figure 5.3: Resolving the problem of slant writing style
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5.4.3 Gradual reduction in handwriting size

Some writers are habitual of writing Gurmukhi words in a pattern that they write the first
character of the word significantly large and as they proceed further the size of next
characters written keep on reducing. Figure 5.4 illustrates the problem of Gurmukhi word
/Agardi/ written by a writer in a unique handwriting style where the previously input
character is comparatively larger than the next input characters. As shown in Figure 5.4,
when a writer inputs the first stroke, its size on y-axis is y;. At the completion of all the
input strokes to form a Gurmukhi word, size of the last stroke on y-axis isy,. It is
apparent here that size of y, < y;. This problem has been resolved with the help of

schema of stroke association (as discussed in Section 4.2).
5.4.4 Dot (bindi) handling

When a writer just touches the pen tip at the writing surface it is recognized as dot (bindi).
However, in Gurmukhi script, dot (bindi) is used at two different places, i.e., upper bindi
and pairi bindi. To recognize this dot (bindi), firstly its location in a particular zone is
identified. Hence, if it is located in upper writing zone then system will recognize it as
upper bindi. If it is located in lower zone then system will recognize it as pairi bindi.
However, if this bindi is located somewhere in middle zone then it will be considered as
noise. As shown in Figure 5.5, Gurmukhi word /HA®1/ has been written by a writer. This
word includes both upper bindi and pairi bindi. Here, location of upper bindi in upper
zone and pairi bindi in lower zone have been shown and that leads to accurate recognition
of both.
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Engine Output FIarat | Del | [ Tryagain |

64.48

Online Handwritten Recognition System for Gurmukhi Script

Association-———
A1=(1,7} A2={2,7} A3={3,7} Ad={4,7}
A5={5,6,7}

~~~~~~~ Zone |dentification-------—
{1(M),7(U)} {2(M),7(U)} {3(M),7(U)} {4(M),7(U)} {5
(M).6(M),7(U)}

—-——-LibSVM Enging-—-—

1(152,M) 2 (164,M) 3 (158 M) 4 (162,M)
5(164,M) 6 (216,M) 7 (121,U)
-—------—-Post-processing--—----
Post-segmentation

{1(152),7(121),} {2(164),7(121),} {3(158),7(121),}
{4(162),} {5(164),7(121),} {6(216),} {7(121),}

Sequencing of stroke sets
{1(152),7(121),} {2(164),7(121),} {3(158),7(121),}
{4(162),} {5(164),7(121),} {6(216),} {7(121),}

After Merging

{1(152),7(121),} {2(164),7(121),}
{3(158),7(121),} {4(162),} {5(164),7(121),} {6
(216)}{7(121),}

Character(s) Formed

Figure 5.4: Resolving the problem of gradual size reduction
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Online Handwritten Recognition System for Gurmukhi Script

Engine Output HRIS | el | [ myagain |

---------- Association----------

A1={1,2} A2={3,4,10} A3={5,10} A4={6,7,9,10}
A5=(8,10}

-------—Zone |dentification--—--—-

{1(M).2(L)} {3(M),4(L), 10(U)} {5(M),10(U)}

- [6(M),7(M),9(U),10(U)} {8(M),10(U)}

——LibSVM Enging—-—
1(152,M) 2 (101,1) 3 (152,M) 4 (79,L)

5 (158,M) 6 (177,M) 7 (197,M) 8 (162,M)
9 (80,U) 10 (121,U)

* |--—---—Post-processing----—-----

Post-segmentation

{1(152),} {2(101),} {3(152),10(121),} {4(79),}
{5(158),10(121),}{6(177),7(197),10(121),}
{9(80).}{8(162),} {10(121),}

Sequencing of stroke sets

{1(152),} {2(101),}{3(152),10(121),} {4(79).}
{5(158),10(121),} {6(177),7(197),10(121),}
{9(80),} {8(162),} {10(121),}

After Merging

— [{1(152),} {2(101),} {3(152),10(121),} {4(79),}

7883

{5(158),10(121),} {6(177),7(197),10(121).}
{9(80),} {8(162),} {10(121),}

Character(s) Formed
HATS

-~

Figure 5.5: Resolving the problem of dot (bindi) handling
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5.5  Demonstration of recognition process for Gurmukhi script

The proposed recognition process becomes smooth after all the above discussed
ambiguities are resolved. This section provides brief demonstration of recognition process
adopted for Gurmukhi script in this study. Demonstration of recognition process for
Gurmukhi script has been presented in four different cases. Table 5.7 provides
demonstration of character formation for Gurmukhi script. The character is formed by

collection of one/multiple stroke(s). In Table 5.7, Gurmukhi character /d/ has been written

by a writer with the combination of three strokes. Detail information pertaining to each

input stroke has been provided here. For example, when first stroke (2- ) is input by a
writer then after pre-processing and zone identification, it becomes association set A; =
{1 (M)}. After this association set passes through LibSVM classifier, class ID for this
stroke is obtained. In the next phase proposed post-processing steps are applied and
activated tuples for AM are obtained. Same process is further applied for all the next input

strokes. Final output of Gurmukhi character /g/ is thus achieved.

Formation of numeral, akshara and word of Gurmukhi script has been demonstrated in
Table 5.8, Table 5.9, and Table 5.10, respectively.
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Table 5.7: Demonstration for character formation of Gurmukhi script

Character formation

Input Post-processing
Stroke Association sets
sequence after pre- Association sets after .
number processing and LibSVM classifier Post-segmen::;cslon of stroke Sequencing of stroke sets Merging the stroke sets Output
(with zone identification
shape)
E A, ={1 (M)} A, ={1(M)161} Af = {1 (M)161} Ai’ = {1 (M)161} A¥ ={1 (M)161}
1
a)  Tu+oa16;3={161 (0.4), 162 03y, 163 0.3 }
b)  Tiu+oazss={161 (0.2), 162 (02), 163 (02), 121 (3} No output
N C) Tiu+oazss={161 (0.4, 154 (03, 163 03 }
Activated tuple for A
chivated fple for 41 d) Tiutoazrs={161 (04, 162 g3), 121 o3 }
) Tusonr2={161 (o5, 154 05 }
f) T[u+0A2A]2={161 (0.5)1 162 (0.5) }
1 (M)161,
2 A, = {1 (M)} A, = {1 (M)161} AS = {1 (M)161} AS = {1 (M)161} AN = {2((M))162}
1 ) A, = {2 (M)} A, = {2 (M)162} AY = {2 (M)162} AS = {2 (M)162}
a) T[U+0A16]3:{161 (0.4)s 162 (0.3) 163 (0.3)} / 4 4
papp
. D)  Tiusomasa={161 (02, 162 (0.2), 163 (02), 121 0.3}
Activated tuple for A
W uP ! €)  Tiu+oazrz={161 (04, 162 (03, 121 (93) }
d)  Tu+oazap={161 (s), 162 (o5 }
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1 (M) 161,
A = _ (1 (M)161, _ (1 (M)1e1, 1 (M)161,
Z’ 3 A= {‘g%g} & ) 121} a5 ={ (U)121} a={3 (U)121} AY = {3((11%121,}
| h=f200) a =0 17 4§ = (3 n121) A5 =2 (162} 2 (M)162
2 273 AY = {2 (M)162} A5 = 3 (121} A = (3 (W)121} .
Ntadh&/

a)  Tu+oazsa={161 (02, 162 (02, 163 (02), 121 03}

H M
Activated tuple for Af b) T[U+OA27]3:{161 04) » 162 03 121 03) }

Activated tuple for AY 72 tuples activated, but w; < 0.8. So, AM is treated as noise.
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Table 5.8: Demonstration for numeral formation of Gurmukhi script

Numeral formation

Post-processing

Input Stroke Association sets
sequence after pre- Association sets after Outout
number (with processing and LibSVM classifier _ _ P
shape) zone identification Post-segmentation of stroke Sequencing of stroke Merging the stroke sets
sets sets
A = {1 (M)} A; = {1 (M)351} AS = {1 (M)351} AS = {1 (M)351} AM = {1 (M)351}
1 Q
fikk/
Activated tuple for AM @) Tsoasn={351 (10 }
A ={1 (M)} A, = {1 (M)351} A = {1 (M)351} AS = {1 (M)351} AM = {1 (M)351}
1 2 A, = {2 (M)} A, = {2 (M)357} AS = {2 (M)357} AS = {2 (M)357} AM = {2 (M)357}
a9
fikk/
Activated tuple for AM a)  Tiuroasmn={351 o) } Isétt/

Activated tuple for A}

a)  Tu+oreon=1357 o) }
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Table 5.9: Demonstration for akshara formation of Gurmukhi script

Akshara formation

S'?r%ﬂg Association Post-processing
sets after pre- .
sequence rocessin Association sets after Outout
number pand zoneg LibSVM classifier ) P
(with identification Post—segmen:;’cslon of stroke Sequencing of stroke sets Merging the stroke sets
shape)
A, = {1 (M)} A, = {1 (M)215} AY = {1 (M)215} AS = {1 (M)215} AM = {1 (M)215}
1 fo
[sihéri/
Wi LU4) w3 Inﬂ“_>
Activated tuple for A¥ T[U+OA3F]1:{215 (1.0) } 1.0 1.0 1.0 T,
U A ={1 (M)} A, = {1 (M)215} AY = {1 (M)215} AS = {2 (M)148} AM = {2 (M)148}
{ A, = {2 (M)} A, = {2 (M)148} A = {2 (M)148} AS = {1 (M)215} AY = {1 (M)215}
wi w; w3 A
8 tuples for € /iril [U+0AT72] 3 B <0.8 ’1 | fo
S S [sihari/
4 tuples for 3 /cajha/ [U+0A1D] . . <0.8 P
Activated tuple for AY! o ﬁ °
2 tuples for = /ndfa/ [U+0ALE] R R <0.8 T
T Ty .
4 tuples for 3 /lalla/ [U+0A32] . . <0.8 e
Activated tuple for A} Truroasrn={215 10 } 1.0 1.0 1.0
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05 10 07

4, = (1)} 4, = {1 (M)215) Y = {1 (M)215) ni={ (M)148.} = (M)148,}
&/ 2 o {2 (M),} o {2 (M)148,} e {2 (M)148,} 3(M)149 3(M)149
1 3 2713 (M) 27 3(M)149 17 13(M)149 AS = {1 (M)215} AM = {1 (M)215}
wWq w; w3 g+
Tiu+0a7212={148 (05), 149 (05} 1.0 10 1.0 =
Tru+oa7213={148 (0.4), 149 (04, 121 (02)} 03 10 04 N
Activated tuple for AM
P ! Tiu+0a3213={148 (03), 149 (03, 197 0.4} 07 1.0 0.6 .
Tiusoas21a={148 (03), 149 (03), 197 03, 121 0y} 05 1.0 06
Activated tuple for AY  Tru+oasrn={215 o) } 10 1.0 1.0
4 A, = {1 (M)} A, = {1 (M)215} AY = {1 (M)215} 2 (M)148, 2 (M)148,
S _ M _
) 2 (M), 2 (M)148, 2 (M)148, A7 = 34(";)1‘2‘2' A7 = 34 (’z)i‘z“i'
. A, =13 (M), A, = {3 (M)149, AS =13 (M)149, ) @)
3 4 () 4 (U121 4 (U)121 AS = {1 (M)215} AN = {1 (M)215}
T+
w1 Wy W3 f\o =
Tu+0a7213={148 (0.4), 149 (0.0), 121 (02)} 03 10 04  Input &@@ ®
. M s LT
Activated tuple for Ay Tiu+oas21a={148 (0.3), 149 (0.3), 197 (03), 121 - - - N

on}

Activated tuple for A} Tiusonsen={215 o) } 10 10 10
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Ap = {1 (M)} A, = {1 (M)215} AY = {1 (M)215} 2 (M)148, 2 (M)148,

Az 2 (M)148, 2 (M)148, A5 = 1(1‘[;’)1133' AM = i(g)gf'
2 2 (M), A = 13 (D149, 46— 13 (D149, 5(M)197' S(M)197,
— 13 (M) 4(U 27 )4 (U121, 17 ) 4 (121, (M) (M)
5(M) 5(M)197 5 (M)197 AS = {1 (M)215} A = {1 (M)215} ofo
[
wy W w3 =f&
L ron SO OEARORIED
Activated tuple for A 1.0 1.0 1.0
v up 1 ©03) 197 (03), 121 0.}
T4 T; T: T1 TO
Activated tuple for A} Truroasrn={215 @9 } 10 10 10
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Table 5.10: Demonstration for word formation of Gurmukhi script

Word formation

Input Stroke sequence number

Association sets
after pre-processing  Association sets after

Post-processing

Final
(with shape) and zone LibSVM classifier ) ) output
identification Post-segmentation of Sequencing of stroke Merging the stroke sets
stroke sets sets
A = {1 (M)} A, = {1 (M)159} AS = {1 (M)159} AS = {1 (M)159} AN = {1 (M)159}
1
y
wy 1123 w3 Output
Activated tuple for AM
Tiusoman={159 (10 } 1.0 1.0 1.0 U
°Q 4 AS = {1 (M)159} A5 = {1 (M)159} AV = {1 (M)159}
Ay ={1(M),2U)} = {1 (M)159, v s "
AY = {2 (U)128} AS = {1 (U)128} AM = {2 (U)128}
1 2 (U) 128}}
wy Wy w3 Output u
Activated tuple for A}
Tiu+0a2a11={159 (10) } 1.0 1.0 1.0 U
Activated tuple for A} Truroaron={128 (0 } 1.0 1.0 10 ©
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2@ 1(M), 1(M) 159, Af = {1 (M)159} A3 = {1(M)159} AY' = {1 (M)159}
Alz{zw)} A1={2(U)128} v s M
ﬂ, AY = {2 (U)128} AS = {1 (U)128} AM = {2 (U)128}
T 3 4, =83 (M)} 4z = {3(M) 174} AS = {3 (M)174} A5 = {3 (M)174} AV = {3 (M)174}
wy w, w3 Output U
Activated tuple for AM
Tiu+oaza12={159 (10) } 1.0 1.0 1.0 U
Activated tuple for AY Trusoaron={128 (1.0 } 1.0 1.0 1.0 ©
Activated tuple for AY 3 tuples are activated. But w3 < 0.8, for all the tuples. - - - noise
C _ S _
72 1 2 (U)128 AY = {2 (U)128} AS = {1 (U)128} AM = (2 (1)128)
_(3(M), _ (3 (M) 174, AS = {3 (M)174} AS = {3 (M)174} 3 (M) 174
1 4 42= 4 (M) A2 =14 (M)154 AM ={ }
° AY = {4 (M)154) 45 = {4 (M)154) 4 (M) 154
wy wy w3 Output 'uhT-[
Activated tuple for AM
Tiuroa2an={159 (10) } 1.0 1.0 1.0 U
Activated tuple for A} Tru+oaron={128 (1.0 } 1.0 1.0 10 ©
Activated tuple for AY Truroaicie={174 (s), 154 (05) } 1.0 1.0 10 H
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v

U

4 = {1 (M).} A = {1 (M) 159,}

AS = {1 (M)159}

AS = {1 (M)159}

AM = {1 (M)159}

Activated tuple for AY

Activated tuple for A}
Activated tuple for A}

Activated tuple for A}

2 (U) 1512 (0)128 AY = {2 (U)128} A3 ={1 (128} AY = {2 (U)128}
_(3(M), (3(M) 174, AS = (3 (M)174) A3 = {3 (M)174} 3(M) 174
A2 =14 () A2 =14 (M)154 AY Z{ }
AY = {4 (M)154} A5 = {4 (M)154} 4 (M)154
A, ={5(M A, ={5(M) 162 _
Wy Wy w3 Output
Tiu+0a2a1={159 (1o)} 1.0 1.0 1.0 Yy
Tiu+oaron={128 1.0} 1.0 1.0 1.0 o
Tru+oa1c2={174 (05), 154 05} 1.0 1.0 1.0 H
Tiu+oasen={162 10} 1.0 1.0 1.0 o1

ydr
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v

U,

6

AS = {1 (M)159}

AS = {1 (M)159}

Activated tuple for AY

Activated tuple for A}
Activated tuple for A}
Activated tuple for AY!

Activated tuple for AY

4= {1 (M),} s {1 (M) 159,} Al = {1 (M)159}
L2 T2z ()128 AY = {2 (U)128} A3 = {1 (U)128} AM = (2 (1)128)
(3 (M), _ (3 (M) 174, AS = {3 (M)174} A5 = {3 (M)174} 3
Az - A2 = 3 M — (M) 174;
45 = {5 (M)} 45 = {5 (M) 162} AY = {5 (M)162} A3 = {5 (M)162} A} = {5 (M)162}
Ay =16 (1) Ay = {6 (M) 203} AS = {6 (M)203} A3 = {6 (M)203} A5 = {6 (M)203}
Wy Wy w3 Output
Tiusom2an={159 (10 } 1.0 1.0 1.0 y
Tru+oaron={128 (1.0) } 1.0 1.0 1.0 o
Tiu+oa1c={174 (05), 154 (05) } 1.0 1.0 1.0 H
Tiu+oazen={162 (10) } 1.0 1.0 1.0 or
Tru+0azc)i={203 (1.0) } 1.0 1.0 1.0 q

o
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2

U,

6

AS = {1 (M)159}

AS = {1 (M)159}

AM = {1 (M)159}

Activated tuple for A}

Activated tuple for A}
Activated tuple for A}
Activated tuple for A}!
Activated tuple for A

Activated tuple for AY

o {1 (M),} W {1 M) 159,}
172 ) 1712 W)128 AY = {2 (U)128} A3 = {1 (U)128} AM = (2 (U)128)
4, = {i (IAV;),} A, = {3 (M) 174,} AS = {3(M)174} A3 = {3 (M)174} M = {3 (M) 174,}
(M) 4 (M)154 AY = {4 (M)154) A = {4 (M)154) > laon1ss
A, = {6 (M)} A, ={6 (M) 203} 45 = {6 (M)203} 43 = {6 (M)203} AM = {6 (M)203}
As = {7 (M)} As = {7 (M) 216} 4Y = (7 (M)216) 4 = (7 (M)216) AY = {7 (M)216}
wy w, w3 Output
Tiu+0a2an={159 (10) } 1.0 1.0 1.0 v
Tru+oaron={128 (1.0) } 1.0 1.0 1.0 o
Tiusoa1c2={174 5), 154 o5 } 1.0 1.0 1.0 o
Tiu+0asen={162 (10) } 1.0 1.0 1.0 ot
Tiu+0a2c1={203 (1) } 1.0 1.0 1.0 El
T[U+0A4O]1:{216 (1.0) } 1.0 1.0 1.0 Oor

et
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20 8
U 19|

_(1(M) 159,

4 2{1 (M).} 4 _{2 (U)128}
Lo 3 (M) 174

_ (3w, A ={4(M)154’}
A= {4 (M)} 5 (M) 162,

A= 5,8y AT { 8 (U)121 }

Ay={6(M),8(U)}  , _ {6 (M) 203,}
8 (U)121

As = {7 (M)}
As = {7 (M) 216}

AS = {1 (M)159}
AY = {2 (U)128}
AS = {3 (M)174}
AY = {4 (M)154}
AY = {5 (M)162}
AS = {8 (U)121}

=)

AY = {7 (M)216}

AS = {1 (M)159}
AS = {1 (U)128}
AS = {3 (M)174}
A5 = {4 (M)154}
A% = {5 (M)162}

=

AS = {7 (M)216}
A3 = {8 (U)121}

AM = {1 (M)159}
AN = {2 (U)128}

4= {i((szz))gj}

AY = {5 (M)162}

Bl

AM = {7 (M)216}
AM = {8 (U)121}

Activated tuple for A}

Activated tuple for A}!
Activated tuple for A}
Activated tuple for A}!
Activated tuple for A

Activated tuple for AY

Activated tuple for A%

Wy w, ws Output et
Tru+0a2an={159 (10) } 1.0 1.0 1.0 Yy
Tru+oa70n={128 (1.0) } 1.0 1.0 1.0 o
Tru+oaic={174 (o5), 154 (05) } 1.0 1.0 1.0 H
Tru+0asen={162 (1) } 1.0 1.0 1.0 or
Tiu+oa2c1i={203 (1.0) } 1.0 1.0 1.0 g
Trus0ason={216 (1.0 } 1.0 1.0 1.0 ct
72 tuples activated, but w; < 0.8. So, AM is treated as noise. - noise
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5.6  Experimental results and discussion

This section consists of the results of the experiments conducted in this work for online
handwritten Gurmukhi characters and words using proposed methodology. The data
required for this purpose was collected from different writers who use Gurmukhi script.
Next sub sections provide separate discussions on recognition results achieved for

Gurmukhi characters, numerals, aksharas and words.
5.6.1 Recognition results for Gurmukhi characters and numerals

In Gurmukhi script a character can be formed with the help of a single stroke or multiple
strokes. Although some characters may be formed with one stroke only, but formation of
some other characters require combination of strokes. In the present approach, real time
post-processing has been done, where with input of every new stroke post-processor
recognizes the character formed instead of recognizing the character at the end of all input
strokes. However, a major problem associated with online handwritten Gurmukhi script
is with regard to confusion created by similar words. A brief discussion of this confusion
matrix has been given in Chapter 1 (Table 1.6). This problem of similar looking strokes
results in low recognition accuracy for that particular character. Table 5.11 provides detail
of recognition accuracy achieved for all the Gurmukhi characters along with the
information on number of samples collected, number of samples recognized, and

characters with which confusion is noticed.

Table 5.11: Recognition rates for Gurmukhi characters

Gurmukhi Number of

Character samples Recognized Misclassified with Accuracy (in %)

154 41 41 - 100.0

47 45 2 (W) 95.7
g 45 43 2@ 95.6
H 49 48 101 98.0
g 41 38 2@),1(3) 92.7
J 44 44 - 100.0
Y 43 41 1@, 10 95.3
ar 27 25 2@ 92.6
uf 30 29 1 () 96.7
H 26 26 - 100.0
g 42 39 2(#),1@ 92.9
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g 38 38 - 100.0
H 38 37 1@@) 97.4
E 36 34 2 (®) 94.4
T 32 29 3@ 90.6
z 41 40 1(®) 97.6
5 33 33 - 100.0
3 42 39 2(3), 1(3) 92.9
T 39 35 2@),1R) 1@ 89.7
= 43 40 2(®), 1@ 93.0
S 40 36 23),1(3),1@) 90.0
7 46 45 1) 97.8
= 43 40 3 (®) 93.0
q 46 44 2 (1) 95.7
5 42 41 1(@) 97.6
u 38 38 - 100.0
T 37 34 1(®),2(® 91.9
g 44 44 - 100.0
3 43 40 2(3),1(3) 93.0
H 44 44 - 100.0
o 36 33 3 (@) 91.7
3 47 45 2 @) 95.7
B 44 41 2(®),1(9) 93.2
z 38 37 1(®) 97.4
3 35 33 1(3),1(3) 94.3
Total 1400 1339 61 95.6

Table 5.12 provides range wise recognition results for Gurmukhi characters. Among these

results, least recognition rate has been obtained for Gurmukhi character /Z/ as it greatly
confuses with other Gurmukhi characters, viz. /€/, /2/, and /g/. While collecting samples,
it was noticed that 21 Gurmukhi characters /€7, M/, I3/, 131, hl, Isl, IE], I=], I<], 151, I3,

I=l, 131, Iel, I, I, I€], 131, M1, I3], and /</ are those which may be written with single

stroke or multiple stroke, but writers have preferred to write these characters with single
stroke. It has been observed that characters written with single stroke achieve higher

recognition accuracy than characters written with multiple strokes. However, two
Gurmukhi characters /g/ and /3/ are in the category where a character is always written
with multiple strokes. In spite of this, a high recognition accuracy has been achieved for

these characters. It is also worth mentioning here that higher recognition accuracy has
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been achieved for /d/, A/, and /4/ as compared to Gurmukhi characters /&/, /d1/, and /g/

(Table 5.13).

Table 5.12: Range wise recognition rate for Gurmukhi characters

Range of recognition rate (in %) Gurmukhi Character(s)
Less than 90.0 =
90.0-92.0 g W E 3
92.1-94.0 ®,T,9,9,49,3,7,d
94.1-96.0 M, T,9,8,4,9,3
96.1 - 98.0 9,25 72,
98.1 —100.0 € 9,58 3 U, 9 HH

Table 5.13: Recognition rate for Gurmukhi characters with /pairi bindi/

Gurmukhi Character Y H o k) dr <

Recognition rate (in %) 97.4 98.2 96.5 93.2 91.5 92.4

In Table 5.14 recognition results achieved for Gurmukhi numerals has been presented. An

overall recognition accuracy of 96.8% has been achieved for Gurmukhi numeral
recognition. Among Gurmukhi numerals, two digits /€/ and /€/ may be written with the

help of either single stroke or multiple strokes. If these numerals are written with multiple
strokes, their recognition accuracy decreases by 0.7% and 2.1%, respectively, when these

numerals are written with single stroke.

Table 5.14: Recognition rate (in %) for Gurmukhi numerals

Gurmukhi
numerals 1 3 3 S 5 . 2 © ‘
Singlestroke 955 967 970 959 973 972 965 952 972 967
sequence

Multiple stroke
sequence

- - - - - - 958 - - 946

5.6.2 Recognition results for Gurmukhi aksharas and words

This section includes a discussion on experimental results carried out for the
recognition of online handwritten Gurmukhi aksharas and words using the procedure
discussed in previous sections. Here, use of valid combination of two different classes
of Gurmukhi script for akshara formation has been discussed. These combinations are
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either formed with a set of 35 Gurmukhi characters, 9 vowel modifiers, viz. /o7, /fo],

194, 121, 121, 131, 13/, 13/ and /3] or 2 nasal symbols, viz. /<] and /2. With the help of

the proposed algorithm, real time akshara formation using online handwritten stroke
input has been carried out by testing a total sample of 8,880 aksharas collected from 30

different writers.

Detailed experiment results are presented in following tables. Table 5.15 contains the
recognition accuracy of handwritten Gurmukhi characters with the combination of all
vowel modifiers. In this case, there are few Gurmukhi characters which are written
alone and no combination of vowel modifier can be attached to them in order to form
Gurmukhi akshara. In majority of experimental results, high degree of recognition

accuracy has been achieved. However, the recognition accuracy is quite low whenever

any Gurmukhi akshara is formed with the combination of Gurmukhi character with /3/
and //. The main problem associated with writing these vowel modifiers is that while

writing them there is a need to take the pen up and down twice. Results shown in Table
5.15 reveal that promising results have been achieved in case of aksharas formed using

three vowel modifier, viz. /o7, /fo/, and /<. Moreover, higher recognition accuracy has

also been achieved in case of few characters, viz. 18/, i/, I\l 131, I/, 121, Is], hjl, and

M/l especially when they are written with their vowel modifiers to form akshara.

Table 5.15: Recognition accuracy (in %) achieved for Gurmukhi aksharas

o1 foo oil o o 3 3 3 ol

86.7 - - - - - 86.7 - 83.3
= 86.7 76.7 = = 73.3 = = =
83.3 76.7 86.7 80.0 60.0 73.3 86.7 90.0 80.0
70.0 70.0 73.3 80.0 93.3 73.3 70.0 76.7 63.3
93.3 73.3 86.7 93.3 86.7 93.3 70.0 93.3 63.3
86.7 73.3 76.7 83.3 90.0 63.3 66.7 90.0 70.0
76.7 70.0 83.3 73.3 63.3 73.3 63.3 73.3 66.7
90.0 73.3 70.0 83.3 73.3 80.0 86.7 80.0 70.0
73.3 86.7 86.7 86.7 83.3 83.3 73.3 93.3 70.0
86.7 70.0 70.0 83.3 80.0 70.0 63.3 93.3 66.7
80.0 76.7 73.3 83.3 86.7 90.0 73.3 73.3 70.0

ol d ol £ 9 & 9o o 1 D
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76.7
90.0
73.3
76.7
83.3
76.7
73.3
73.3
73.3
83.3
86.7
90.0
86.7
83.3
73.3
83.3
70.0
83.3
70.0
80.0
80.0
73.3
76.7

w A H agzx ododaeac A ddaadaoded o o o o2

80.0
86.7
70.0
73.3
86.7
80.0
86.7
83.3
76.7
80.0
86.7
90.0
73.3
90.0
76.7
90.0
76.7
86.7
76.7
86.7
70.0
83.3
76.7

83.3
86.7
73.3
86.7
86.7
76.7
73.3
80.0
73.3
70.0
73.3
76.7
73.3
86.7
70.0
70.0
86.7
93.3
86.7
76.7
80.0
83.3
80.0

80.0
83.3
86.7
93.3
70.0
76.7
73.3
76.7
70.0
93.3
86.7
76.7
76.7
83.3
80.0
83.3
70.0
86.7
80.0
90.0
70.0
70.0
80.0

86.7
63.3
83.3
83.3
83.3
60.0
66.7
73.3
76.7
70.0
70.0
86.7
86.7
93.3
83.3
76.7
80.0
73.3
73.3
80.0
60.0
83.3
83.3

86.7
73.3
83.3
70.0
86.7
86.7
73.3
83.3
73.3
76.7
83.3
70.0
86.7
86.7
83.3
80.0
70.0
83.3
90.0
83.3
80.0
93.3
80.0

70.0
70.0
63.3
83.3
70.0
66.7
60.0
70.0
73.3
83.3
66.7
80.0
73.3
60.0
66.7
63.3
83.3
70.0
60.0
66.7
76.7
83.3
63.3

73.3
86.7
80.0
76.7
90.0
86.7
76.7
73.3
70.0
70.0
70.0
76.7
76.7
86.7
86.7
73.3
73.3
80.0
80.0
70.0
83.3
73.3
90.0

70.0
56.7
60.0
70.0
60.0
66.7
66.7
66.7
70.0
80.0
76.7
63.3
76.7
56.7
73.3
76.7
73.3
60.0
56.7
63.3
80.0
66.7
66.7

Table 5.16 provides the detail comparative results for experimental work on Gurmukhi
aksharas as written by different writers. Results of 8,880 samples collected from all
the writers are compiled in Table 5.16 which clearly reveals that there is a minor
variation in these recognition results. This variation has been found mainly because of
difference in the handwriting style of the writers. It is worth mentioning here that
different categories of writers were included under this sample testing based on their
frequency of writing Gurmukhi script. Hence, it was obvious that a significant
difference may prevail in the clarity of handwriting between the one who uses
Gurmukhi script more frequently than one who uses it rarely. However, the robustness

of proposed methodology has been proved with promising recognition accuracy

despite high degree of variation in handwriting samples.
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Table 5.16: Writer wise recognition accuracy (in %) achieved for Gurmukhi aksharas

Writer ID | Recognition rate | Writer ID | Recognition rate | Writer ID | Recognition rate
Writer 1 82.8 Writer 11 79.4 Writer 21 79.7
Writer 2 74.7 Writer 12 80.4 Writer 22 82.8
Writer 3 78.0 Writer 13 81.4 Writer 23 78.4
Writer 4 76.7 Writer 14 73.6 Writer 24 67.9
Writer 5 76.0 Writer 15 72.6 Writer 25 83.1
Writer 6 79.7 Writer 16 78.7 Writer 26 81.8
Writer 7 824 Writer 17 80.7 Writer 27 80.7
Writer 8 81.1 Writer 18 82.1 Writer 28 73.3
Writer 9 7.7 Writer 19 71.6 Writer 29 80.1
Writer 10 70.6 Writer 20 78.0 Writer 30 69.6

Stability in recognition accuracy achieved in testing has been depicted in Figure 5.6.
These results provide that a very low degree of variation exists in recognition results
compiled for first 5, 10, 15, 20, 25 and 30 writers.

80
$ 79
£ 78.3 18.2 78.4
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5 10 15 20 25 30
Number of writers

Figure 5.6: Stability of online handwritten Gurmukhi aksharas recognizer

Table 5.17 provides recognition results for aksharas formed with two nasal symbols /<7
and /o7/. Results for Gurmukhi nasal /<7 have not been presented in this table because
this particular symbol is used between two consonants to form a word only. It has been
observed that the results achieved on accuracy of aksharas with nasal symbol /<7/ are low
for all the writers owing to the complexity of finding 64 normalized points in pre-

processing for /<7/.
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Table 5.17: Recognition rate for Gurmukhi characters with nasal symbol (/<7 and /<)

o of o of o of
L 81.2 72.6 g 78.3 72.0 ) 78.3 71.1
H 83.3 74.0 T 74.5 64.9 y 74.5 66.2
g 77.1 68.3 ol 80.7 71.2 g 80.7 73.5
d 83.4 77.1 ) 84.4 74.7 q 84.4 76.6
-] 80.5 70.7 Ef 77.4 67.7 g 77.4 70.7
ar 77.9 68.8 < 73.1 65.3 H 73.1 65.2
W 81.9 73.3 < 77.4 67.8 o 77.4 70.1
1) 85.6 77.8 3 74.3 65.8 g 74.3 65.9
d 76.7 68.8 g 814 74.5 Esy 81.4 72.0
8 84.1 75.2 [=) 77.4 69.2 < 77.4 69.8
H 83.1 73.6 g 80.8 72.4 3 80.8 73.7

The unit of Gurmukhi script that conveys a meaningful expression to combination of
Gurmukhi consonants with vowel modifiers and nasals is the Gurmukhi word. For the
purpose of testing the online handwritten Gurmukhi script recognizer, a sample of 900
Gurmukhi words has been collected from 30 writers. These writers were requested to
write 10 Gurmukhi words of two characters, three characters and four characters each.
Results obtained for two characters, three characters and four characters Gurmukhi words
have been provided in Table 5.18. This table also includes word level and Unicode level
recognition accuracy. Results presented in this table clearly reveal that Unicode level
accuracy is higher than word level accuracy for all the two, three and four character
Gurmukhi words. Results presented in this table reveal that a higher rate of recognition
accuracy has been achieved for recognition of two character Gurmukhi words. Whereas
when the complexity increases and difficult words with three and four characters are

written by a writer, the accuracy declines.

Table 5.18: Recognition rate for two, three and four character Gurmukhi words

) Two character words Three character words Four character words
Writer 1D Word level Unicode level Word level Unicode level | Word level Unicode level
Writer 1 73.3 775 73.3 79.1 76.6 79.0
Writer 2 83.3 87.5 73.3 79.8 60.0 66.5
Writer 3 66.7 71.8 66.6 73.5 63.3 68.9
Writer 4 66.7 71.8 70.0 73.8 76.6 82.2
Writer 5 76.7 81.0 80.0 82.5 63.3 68.8
Writer 6 76.7 82.4 73.3 75.5 53.3 60.2
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Writer 7 73.3 7.7 70.0 73.4 66.6 735
Writer 8 66.7 70.4 63.3 66.5 63.3 68.0
Writer 9 73.3 75.9 66.6 73.3 63.3 68.5
Writer 10 73.3 76.0 66.6 70.5 73.3 76.1
Writer 11 80.0 82.3 66.6 68.7 63.3 66.9
Writer 12 70.0 72.9 73.3 76.0 70.0 75.3
Writer 13 76.7 79.0 70.0 76.9 73.3 78.7
Writer 14 56.7 58.9 66.6 71.7 60.0 64.9
Writer 15 70.0 75.2 63.3 69.9 70.0 725
Writer 16 80.0 84.2 76.6 82.5 60.0 65.5
Writer 17 73.3 77.9 70.0 76.2 70.0 75.4
Writer 18 70.0 72.9 63.3 65.4 63.3 68.6
Writer 19 76.7 79.2 70.0 74.5 60.0 64.7
Writer 20 80.0 83.2 76.6 83.5 73.3 80.0
Writer 21 73.3 76.6 70.0 73.1 76.6 81.0
Writer 22 83.3 87.8 70.0 73.9 73.3 79.1
Writer 23 76.7 81.6 70.0 72.6 70.0 74.4
Writer 24 73.3 76.7 76.6 82.9 60.0 68.1
Writer 25 76.7 78.9 76.6 80.2 76.6 83.5
Writer 26 66.7 71.3 76.6 82.2 56.6 63.0
Writer 27 70.0 72.9 76.6 83.5 76.6 79.1
Writer 28 76.7 81.6 80.0 85.6 60.0 64.1
Writer 29 73.3 78.0 60.0 66.9 73.3 79.1
Writer 30 80.0 84.6 63.3 70.1 70.0 76.9

5.7  Chapter summary

This chapter describes post-processing methodology proposed in this research work.
Rule book formulated for recognition of online handwritten Gurmukhi script has been
provided here. Post-segmentation of stroke sets, sequencing of stroke sets, and merging
the stroke sets included in the methodology of post-processing have been explained here
in detail. In post-segmentation of stroke sets procedure of categorizing the association
sets has been explained. These classified sets are further sorted in the next step, i.e.,
sequencing of stroke sets. Finally, a Unicode of Gurmukhi script is computed from the
weights allotted to association sets.

Disambiguation of some critical problems faced in the online handwritten Gurmukhi
script has been discussed here. In this chapter, detail demonstration of proposed

recognition engine has been provided separately for character, numeral, akshara and word
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formation. Proposed methodology for recognition of online handwritten Gurmukhi script
has been tested on selected sample collected from different category of writers.

Recognition results for such testing have been discussed here separately for Gurmukhi
characters, numerals, aksharas and words.
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CHAPTER 6

CONCLUSION AND FUTURE SCOPE

Handwriting recognition has been admitted to be highly promising area of research because
of its wide range of applications. Although research in this area is alive for more than four
decades yet it is still admitted to be a challenging area. Realizing the potential applications of
online handwritten recognition systems, world-wide researchers have endeavored to refine
existing methods. Initially most of the research in this direction was for designing a
recognition system for English language. However, during last two decades researchers have
achieved appreciable recognition results for other popular languages that include Chinese,
Japanese, Arabic etc. Among Indian scripts most of research has been proposed for
Devanagari script because it is national language of India and spoken by a large population
of India. The main goal of this research study was to develop an efficient system for
recognition of online handwritten Gurmukhi script. Well-structured methodology proposed

for achieving this objective has offered high recognition accuracy.

This research study has proposed algorithms for association of online handwritten strokes,
post-segmentation, sequencing of strokes sets, and merging the stroke sets that have been
applied in various phases of online handwritten Gurmukhi script recognition system. Brief
introduction of Gurmukhi script, standard way of writing it and difficulties in recognition of
Gurmukhi script have been discussed in Chapter 1. Motivation behind the proposed research
that worked as a driving force to pursue research on recognition of online handwritten
Gurmukhi script has also been described in this chapter. This chapter has also briefly
highlighted contribution of present research work. A comprehensive review of literature on
various stages involved in online handwriting recognition process has been presented in
Chapter 2. Chapter 3 has explained the methodology used and system designed for carrying
out this research work. In Chapter 4, a modified algorithm of pre-processing for
normalization of horizontal and vertical bars has been proposed. This chapter has also

explained the association rules proposed in this work. Recognition and post-processing



phases for Gurmukhi script and detailed experimental results are discusses at length in
Chapter 5.

6.1  Brief Contribution of the proposed research

Handwriting recognition process uses sequential standardized steps to give the output.
Various steps involved in handwriting recognition process includes: data collection, pre-
processing, feature extraction, recognition and post-processing. The broad steps of proposed
method are similar to the sequential steps used in traditional architecture of handwriting
recognition process. However, in present study some novel techniques have been introduced
within that broad framework. Forthcoming sections briefly discuss the contribution of present

research work.
6.1.1 Data collection, pre-processing and feature extraction

Creating a reliable and authentic database had been one of the objectives of this research
work. Under this study, first objective was to create an annotated set of 30,000 (including
2000 unique words) words of Gurmukhi script. Hence, the desired dataset was collected from
144 different users and special attributes like number of strokes, digitized coordinates and
their start/ending index were recorded. Pre-processing stage has been used for removing
noisy artifacts from handwriting and also helped in correcting imperfections. Steps in pre-
processing included preliminary analysis of stroke, association of strokes, removal of
duplicate points, size normalization, centering and resampling. Some algorithms have been
proposed for pre-processing stage. In this research work a new methodology of finding
association between the strokes has been developed which is further bifurcated under three
sub steps, viz. schema for stroke association, sets of associated strokes and reduction of

associated sets.

Normalization of handwritten data includes removal of variations that occur in position, size
of strokes and separation between data points in the stroke. Under this research work,
normalization of stroke has been proposed for creating symmetry of slanting or tilted strokes.
The input handwritten character is normalized to 300x300 pixels and placed in the center of

the fixed frame. Points generated after pre-processing phase are used as features for
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recognition. Slanted strokes have been managed with the help of association rule. A
methodology has been proposed for removal of noise and partial strokes present in online

handwriting.
6.1.2 Recognition using LibSVM classifier

Classification of Gurmukhi strokes collected from raw data has been performed using
LibSVM classifier. For LibSVM classification, Radial Basis Function (RBF) kernel has been
used. This kernel nonlinearly maps samples into a higher dimensional space. A comparative
analysis has been conducted for stroke recognition for 96 classes. In this research work, three
RBF engines have been designed viz. Engine A (for upper zone), Engine B (for middle zone)
and Engine C (for lower zone). Cross-validation has been used at 2-fold, 3-fold, 4-fold and 5-
fold for these three engines viz. Engine A, Engine B, and Engine C. In engine A, a total of
826 samples were used for training and highest accuracy of 98.7% has been achieved at 5-
fold cross-validation. For Engine B, a sample of 10,740 Gurmukhi strokes has been used to
train the engine and the highest accuracy of 96.7% has been achieved at 5-fold level. A total
of 317 collected samples have been used to train Engine C. In this case, an accuracy of
100.0% has been achieved at 2-fold, 3-fold, 4-fold and 5-fold level. Application of SVM has
achieved excellent recognition results for various pattern recognition problems. Under

current study, 95.6% recognition accuracy for Gurmukhi characters has been achieved.
6.1.3 Post-processing

To remove the problems of classification/ segmentation and improve accuracy of results,
post-processing techniques are applied in the process of online handwritten character
recognition. In this research work, real time post-processing has been implemented. For
every new stroke, post-processor forms the new character instead of forming the character at
the end of all input strokes. New algorithms for post-segmentation of stroke sets, sequencing
of stroke sets and merging the stroke sets for post-processing in handwritten Gurmukhi script
recognition have been presented. In case of post-segmentation of stroke sets, separation of
vowels modifiers which overlap or associate with consonants has been presented. Sequencing

of stroke sets portrays a problem associated with handwriting style of a writer where he may
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write some strokes at end which originally takes the position in between the Gurmukhi word.
In this part of post-processing phase, we have proposed a systematic way where sequencing
of consonant/vowel modifiers is corrected along x-axis. Hence, in this step classified sets of
A¢ and AV obtained from post-segmentation are sorted as A5 based on X,,;,, and X4

respectively.

Merging the stroke sets has been proposed as final step in the post-processing phase. In this
step, a systematic procedure has been adopted to merge initial stroke and sub-strokes
required to form a character. Merging of stroke sets resolves the problem where sub-strokes
are separated from initial stroke due to sub-stroke falling in different association or post-
segmentation of stroke set. Hence, merging the stroke sets presented in this research work
has provided a new way to associate these partial strokes so as to formulate a complete

character.
6.1.4 Experimental results

The present approach provided real time post-processing where with input of every new
stroke post-processor recognizes the character formed instead of recognizing the character at
the end of all input strokes. In Gurmukhi script, there are few characters which are quite
similar in their writing style. This problem created confusion in recognizing those characters.
However, the robustness of proposed recognition engine has been proved with achieving
95.6% recognition accuracy at character level. Some selected Gurmukhi characters that are
not misclassified with any other Gurmukhi character, viz. /S/, 13/, Isl, Igl, Ial, I8/, and M/
have achieved highest recognition accuracy. Testing results have also revealed that 21

Gurmukhi characters /€1, M, [3l, Ial, 1w, Isl, [€1, I=], I21, IS, 131, [©], 131, I<l, )dl, 11, 1),

31, M, I3l and /</ are those which may be written with single stroke or multiple strokes, but

writers have preferred to write these characters with single stroke. Here, characters written

with single stroke achieve higher recognition accuracy than characters written with multiple

strokes. Finally, /g/, /21, &1, 17, =1, hal, 181, 131, Il, Ig], 151, )i, I€], Il and /Al are the

Gurmukhi characters that have achieved recognition accuracy in the range of 96%-100%.

This study also worked on recognition of Gurmukhi numerals. An overall recognition
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accuracy of 96.8% has been achieved for Gurmukhi numerals. The present study also
provides for use of valid combination of two different classes of Gurmukhi script for
akshara formation. For the purpose of testing, 8,880 aksharas were collected from 30
different writers. Overall, 77.9% recognition accuracy has been achieved for akshara

formation. It is apparent here that promising accuracy of 80.1%, 79.5% and 79.1% has been
achieved in case of aksharas formed using three vowel modifier, viz. /o7, /fo/, and /<Y,

respectively. Results of akshara recognition highlight that the recognition accuracy is quite

low whenever any Gurmukhi akshara is formed with the combination of Gurmukhi

character with /3/ and /</. Finally, a sample of 900 Gurmukhi words has been collected

from 30 writers. These writers were asked to write 10 Gurmukhi words of two characters,
three characters and four characters each. Overall, 70.5% and 75.2% recognition accuracy
has been achieved at word level and Unicode level, respectively. Result presented in previous
chapter reveal that high rate of accuracy has been achieved for recognition of two character
Gurmukhi words. However, with increase in complexity for difficult words with three and

four characters the accuracy declines minutely.
6.2  Future scope

The proposed objectives of this research study have been met very well. As stated in section
1.2 of chapter 1, an annotated data set of 30,000 words of Gurmukhi script (including 2000
unique words) for training and testing the OHWR engine has been created. Finally, using this
dataset for testing, a writer independent system has been developed for recognition of online
handwritten Gurmukhi characters, numerals and words. In the present study, most of
constraints regarding complex nature of Gurmukhi script that include variation in
handwriting style and slanted way of writing a word have been considered. Even in the
presence of these constraints promising recognition accuracy has been achieved. However,
the results achieved in the present study motivate to extend the present work with HMM and
neural network as recognition methods. There is always a possibility of refining the existing
recognition accuracy when sample size is efficiently increased. Hence, even applying the
same methodology, higher recognition accuracy can be achieved by including large sample
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size or more typical Gurmukhi words. To sum up, present research can be extended in

following directions:

= The complexities of pre-processing methodology can further be reduced in order to
reduce the recognition time of a stroke.

= Writer adaptation can be incorporated.

= Checking of spellings to correct errors at word level can be introduced.

= Features extracted always add to achieving higher recognition accuracy at post-
processing stage. Hence, higher accuracy can be achieved by identifying some
efficient features of strokes in Gurmukhi script.

= There is possibility of fusing incremental learning in order to avoid retraining the
entire system when a new stroke or character is introduced.

= Gurmukhi script comprises of many structural similarities with other Asian scripts
such as Devanagari, Gujrati and Bangla. Therefore, the recognition method used in
present study can further be used for such scripts using their databases.

= Recognition of strokes with a low number of raw points poses some confusion in

recognition process. So, a separate classifier can be used for such strokes.
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