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Abstract

Handwriting recognition is the process that converts handwritten characters into machine
processable format. The work presented in this thesis deals with online handwritten char-
acter recognition. Handwritten characters can either be presented to machine online or
offline. A good amount of research in this area has been reported for English, Chinese,
Japanese and Korean languages. Research on developing online handwriting recognition
systems for some of Indian languages, like, Bangla, Hindi, Malyalam, Tamil and Telugu
have been conducted by many researchers in past decade. In this thesis, we have worked
for the development of online handwritten character recognition system for Punjabi lan-
guage. This language is popular among the people living in Punjab, a North Indian state
and also among Indians living in other parts of the world such as Australia, Canada, New
Zealand and USA. Gurmukhi is the script used to write this language. Some researchers,
have also worked on building online handwriting recognition systems for Gurmukhi script.
This thesis carries forward the work done by these researchers. An effort has also been
made to improve the classification strategies for the recognition of Gurmukhi characters
in an online handwritten recognition environment. The work done here is organized in
seven chapters.

First chapter introduces the characteristics of Gurmukhi script and highlights the need
of developing a handwritten character recognition system for this script. This chapter
elucidates major issues in online handwritten character recognition and complexities of
these issues. The processes involved in online handwritten character recognition have
also been explained. A detailed study of related literature has also been carried out and
presented in this chapter. This study has been presented separately for the involved
processes.

Chapter two has focused on the process of data collection, selection of writers, and
how data is stored. A fairly large collection of 44,221 samples of 2,048 unique Gurmukhi
words containing 2,41,239 strokes have been collected from 167 writers. This chapter
also illustrates the identified stroke classes. In this chapter, an outline of common pre-
processing techniques of normalization, centering, duplicate point removal, smoothing
and resampling has been illustrated.

In Chapter three, classification of Middle-zone strokes using zone based features with
various support vector machine kernels has been presented. This chapter introduces five
different zone based features and illustrates how these are extracted from the stroke
data. One hundred samples each of eighty two different Middle-zone stroke classes have

been used for training of four different support vector machine kernels, namely, linear,



polynomial, radial basis function, and sigmoid. Other parameters, including, £ in k-fold
cross-validation, learning rate () and tolerance limit (¢) have been experimented for
classification of strokes using empirical search and grid-search in order to determine their
optimal values. Dp feature set yielded the highest recognition rate (93.1%) out of the
five features considered in this chapter. Grid search is found to be better than empirical
search for selecting kernel hyper-parameters since the values of parameters selected using
this approach yielded higher recognition accuracy.

Chapter four presents the study undertaken to train a coherent classifier for recogni-
tion of online handwritten Gurmukhi script characters. Seventy two different SVM- and
HMDM-based classifiers have been trained for recognition of online handwritten Gurmukhi
characters. In this chapter five different features, namely, Normalized x-y traces; Region
based features; Curvature features; Curvature feature based classes; and Directional fea-
tures, have been extracted from three normalized window sizes. For each window size
and feature-classifier combination, k-fold cross-fold validations for k£ (= 3, 4, and 5) have
also been illustrated in this chapter. Here, forty five SVM-based and twenty seven HMM-
based classifiers have been experimented. The feature-classifier combinations have been
found to be efficient for 300 x 300 window size. The top three feature-classifier combi-
nations on 300 x 300 window size have further been tested on a new dataset containing
35 basic characters of Gurmukhi script. A recognition rate of 96.4% has been achieved
with an HMM-based classifier using Curvature based feature classes. A voting-based
classification model based on top three feature-classifier combinations has also been im-
plemented in this chapter. This voting-based model achieved a character recognition rate
of 96.7%. An average character recognition time of 78.5 millisecond has been recorded
for the voting-based classifier.

In Chapter five, a study on writing-zone identification is presented. Two different ap-
proaches of handwritten character recognition system for Gurmukhi script based on zone
identification technique have been presented in this chapter. The dataset consisting of
basic characters; characters with vowel modifiers; and characters with subjoined symbols
have been considered for experimentation. In the first approach, three different SVM-
based classifiers on 99 stroke classes in the three writing-zones, namely, Upper-zone,
Middle-zone, and Lower-zone have been trained. Writing-zone of the stroke is identified
before preprocessing. Based on the identified zone, stroke is classified using one of the
three classifiers. Here, an accuracy of 95.3% has been achieved for zone identification;
and an accuracy of 74.8% has been achieved for character recognition. In the second
approach, a single HMM-based classifier is trained with 74 stroke classes from all writing
zones. A more efficient zone identification algorithm has also been implemented giving a

zone identification accuracy of 97.7%. Writing-zone information has been used to gener-
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ate the final character in postprocessing phase. In this experiment, an accuracy of 88.4%
has been achieved for character generation for Gurmukhi script.

Chapter six introduces and illustrates a new HMM-based classification technique using
auxiliary variable approach. The approach has been motivated by the work in Sampling
Theory, wherein, the mean of the main variable on a fairly large population can be es-
timated more efficiently using a correlated auxiliary variable. This approach has been
implemented and validated in this chapter. This approach has resulted in improving
the recognition accuracy of HMM-based classifiers. An average improvement of 4.5% in
recognition rate has been recorded for HMMs when auxiliary feature is used.

Chapter Seven summarizes the work done in the thesis. It also includes the scope
for future work. Based on the experiments carried out in this work, we have mentioned
few indicators exploring which an even more efficient handwritten character recognition
system for Gurmukhi script be developed.

Keywords: Online handwritten character recognition systems, Support Vector machine,
Hidden Markov Models, Auxiliary information approach, Feature extraction, Writing-

zone identification, Classifiers.
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Chapter 1

Introduction and Review of Literature

Handwriting consists of graphical symbols created on a surface in order to communicate
something. Since the stone age, human beings have been using these symbols to com-
municate among themselves. Each symbol represents certain command, that describes
the set of actions. In ancient times, these graphical symbols were carved onto stones for
communicating a particular event or events. These graphical symbols were standardized
to form a script with the passage of time. Handwriting is a skill that is person specific.
This has continued to exist as a means of interaction and recording knowledge even with
the introduction of newer technologies. In traditional land record management systems in
India, for example, officers liked to record their observations through handwritten notes.
Doctors prefer giving handwritten prescriptions. Police stations also record handwritten
FIRs. In these traditional systems, handwriting is a preferred input over other means.
In modern schools, digital boards are used as teaching aid for learning. These digital
boards are capable of digitizing Roman script efficiently but these are inefficient for In-
dian scripts. With the inception of computers, many input devices such as keyboard,
mouse, and joystick are being used as the means to communicate with computers. With
the advancement in human-computer interface, more advanced ways of interacting with
computers are being developed. Speech and handwriting are the two natural ways of
interacting with computers, that the researchers are exploring. Handwriting has an ad-
vantage over speech, as the environment does not influence it significantly.

A computer system that can recognize handwritten characters and symbols is called
handwritten character recognition system. Handwritten character recognition systems
are classified into two categories, namely, offline handwritten character recognition and
online handwritten character recognition. If handwriting is scanned and then understood
by the computer, it is called offline handwritten character recognition. Figure 1.1 depicts
the process of offline handwriting recognition. Digitization of text which is written using
special digitizer or PDA depicted in Figure 1.2 is termed as online handwritten character
recognition system. The digitizer in these systems tracks movement of pen along with
pen-up and pen-down events. The data recorded as a dynamic representation of hand-

writing generated by such a digitizer is known as digital ink (Yaeger et al., 2009).
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OCR

ASCII

L

ABCDEF

Figure 1.1: Process of offline character recognition

/ Online Let me know
/, Processing  directions,
N “« ‘

Input handwriting Output machine text

Figure 1.2: Process of online character recognition

Most of the research work in the area of handwritten character recognition has been
done for English, Korean, Chinese and Japanese languages. Online handwritten char-
acter recognition system for Arabic script was explored by Almuallim and Yamaguchi
(1987), who proposed geometrical and topological features for classification of strokes.
Kurtzberg (1987) in his study proposed an elastic matching approach for recognition of
handwritten symbols against a set of corpus of handwritten data generated by individual
writers for stroke recognition. A writer independent neural predictive system for online
character recognition was presented by Garcia-Salicetti et al. (1995). Hidden Markov
models (HMMSs) and artificial neural networks (ANNs) have widely been used as clas-

sifiers for speech and handwritten character recognition. These recognizers make use of



statistical and syntactical features. Fujinaga et al. (2001) proposed multiple-regression
HMM (MR-HMM) that utilizes auxiliary features to efficiently represent the acoustic
features of phoneme. These auxiliary features affect spectral parameters of phonemes
and are highly correlated to acoustic features of phoneme. Stephenson et al. (2004) in-
vestigated different approaches to incorporate auxiliary information using hybrid hidden
Markov models/ANNs in automatic speech recognition. We have explored this approach
in proposing a handwritten character recognition system for Gurmukhi script.
Handwritten character recognition systems for Indic scripts including Bangla, Devanagiri,
Gujrati, Kannada, Oriya, Tamil, and Telugu have been explored by various researchers.
A two-stage classification system for recognition of handwritten Devanagari numerals was
presented by Bhattacharya et al. (2006). Kumar et al. (2006) proposed a novel approach
for annotation at the character level for Telugu, Devanagiri, and Roman scripts using cor-
pus of online handwritten data and the related text. Jayaraman et al. (2007) addressed
some issues in developing an online handwritten character recognition system for Telugu.
Prasad et al. (2009) observed more than ten thousand character combinations in Kannada
language. They employed a divide and conquer technique to reduce efforts in recognition
of these character combinations. Rajashekararadhya and Ranjan (2008) proposed a dis-
tance metric feature based on zone and image centroid. High recognition rates have been
reported for numerals in Kannada, Tamil, Telugu, and Malayalam languages in their
work. Rampalli and Ramakrishnan (2011) reported an improvement of 11.0% in hybrid
character recognition system for Kannada language when online and offline approaches of
handwritten character recognition systems were combined. Biswas et al. (2012) proposed
an HMM-based two-stage character classification system for Bangla script. Samanta
et al. (2014, 2015) presented an HMM-based unconstrained online handwritten character
recognition system for Bangla script. Choudhury et al. (2015) investigated a technique for
recognizing Assamese handwritten characters using HMM- and SVM-based stroke clas-
sifiers in conjunction to each other and achieved a stroke recognition accuracy of 96.2%.
Mandal et al. (2015) presented an online handwritten Assamese stroke recognition system
based on curvature point HMM state prediction and achieved an average stroke recogni-
tion accuracy of 93.6%. Sundaram and Ramakrishnan (2015) described a postprocessing
strategy for online handwritten isolated Tamil words. Researchers have also worked on
the recognition of online handwritten Gurmukhi script.

Sharma (2009) in his work described an online handwritten character recognition system
for Gurmukhi script. Sharma et al. (2008, 2009b,a, 2010) worked on online handwrit-
ten Gurmukhi character recognition system with elastic matching technique, and Hidden
Markov models and achieved a character level accuracy of 81.0% and 91.9%, respectively

with 40 stroke classes. In their work on recognition of Gurmukhi script, they cited use
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a» kad cad tae ta3 paw ya®h sad
i @ khavy cha‘® thad thag phaé ra § ha
U6 g P %3 @Y b
ghaws jha 5 dhay, dhag bhag Vva ¢
ha & fia A nag nak mayy ra (s

Figure 1.3: Landa script used in Punjab

of restricted data set leading to the scope of study for improvements in recognition accu-
racies. Complex nature of Gurmukhi script and variations in writing styles necessitated
the review of existing systems of online handwritten character recognition for Gurmukhi
script. One needs to increase the number of classes and also the dataset used for training
and testing the recognition system. In the next section, a brief overview of Gurmukhi

script has been presented.

1.1 Overview of Gurmukhi script

Sri Guru Nanak Dev ji, the first Sikh Guru devised the Gurmukhi script during the 16"
century, which was popularized by Guru Angad, the second Sikh Guru. The script is
based on the Landa script given in Figure 1.3 (Pandey, 2010). Bahri (2011) has given a
detailed description of Gurmukhi script. The name Gurmukhi means “from the mouth
of the Guru”. Gurmukhi is the script used to write Punjabi language which is one of
the popularly spoken languages of Punjab (eastern part in India and western part in
Pakistan). Punjabi is a tonal language having low rising, high falling and level tones.
Gurmukhi script has symbols representing vowels, consonants, and conjunctions to cover
these tonal variations of the language. There are three vowel symbols in Gurmukhi
script, namely, @, ", and ¥, as described in Table 1.1. These vowel symbols are used
only in the beginning of a word or as second member of a compound word. The vowel
€ is never used with any vowel sign (matras), but for some sounds like u, 4, and o,
symbols with diacritical marks (3, #, and “) are used as @, @, and €, respectively.
For denoting vowel sound @, ai, and du, with ™, the diacritical marks 7, :\, and 7 are
added to ™ to form symbols T, }?l.? and M. Vowel character ¥ is never used without a
diacritical mark. The symbols ﬁE, E!Df, and € are used for echoing vowel sounds, i, i, and
e, respectively. Other than these three vowel characters, there are thirty two consonant
characters in Gurmukhi script. These characters are presented in Table 1.2. A sound of a
is inherent in each consonant character. However, the consonants & and ¥ are rarely used

in practice. These symbols can also not be used in the beginning of a word, or in between



Overview of Gurmukhi script

Table 1.1: Vowel symbols in Gurmukhi script

Symbol | name | Usage of symbol
e 00rd u, as in ugh, @U

Ll arrd a, as in ugla, MdJI&BT
i) e i, as in imaan, e

two consonants. These occur as allophones or these occur before some specific phonemes.
Due to influence, of English, Persian and Arabic dialects, six more consonants are added
by placing a dot < (bindi) at the foot of the consonant. These consonant symbols are

explained in Table 1.3.

Table 1.2: Consonant symbols in Gurmukhi script

Symbol | Name Usage of symbol

H sassa sa as in sui, HEl

J héha ha as in haathi, JE
S kakka ka as in kabootar, IG3J
Y khakkhéd | kha as in khota, 937
Gl gagga ga as in gau, EIT@

u @ghd ka as in kar, Wg

] nana na as in -ing, fex

d chachcha | cha as in chah, 97J
g chhachhé | chha as in chhe, 8

Gl jajja ja as in japan, TS
3 ca ajha ¢a as in jhara, 32

=4 nana na as in sina, A=

2 tainka ta as in faipa, STEY
[ thaththd | tha as in thokar, &9
3 dadda da as in dali, TSt

< tadha ta as in dhola, T3

I nana nd as in pani, Ut

3 tatta ta as in talavara, IS<I
g thaththé | tha as in thali, 3
< dadda da as in davata, €<'3
T tadhd | ta as in tobi, Teft

[ nannd na as in nam, &'H

U pappa pa as in papa, YT
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S phaphphd | pha as in phula, €%

g babba ba as in balaka, B

g pa bha pa as in bhau, &
— —

H mammd | ma as in mani, HT

el yayya ya as in yutha, §8

d rara ra as in reta, GES]

3] lalla la as in léta, B

< vava va as in vola, <

3 rara ra as in rofi, 91

As explained above, all consonant sounds have a sound inherently. This sound is called
mukta. The inherent sound of a can be changed by various vowel signs (matras). These
consonant modifiers are presented in Table 1.4. These modifiers are joined with the
consonants to modify the sound of consonant. Vowel modifier T is written before the
consonant; ¢}, and i3 are written below the consonant; 7, and it are written after the

)

consonant; and i, £33, < and <} are written above the consonant.

Table 1.3: Consonant symbols with dot in Gurmukhi script

Symbol | name Usage of symbol

H sassé pair bindi | sha, as in $ala, TS

o khakha kha, as in khamasa, ¥HH
Ell ga ga, as in gariba, "

El zazzG za, as in zubana, TES

< faffa fa, as in fruta, €d<

) lalla la, as in gala, I

Bindi and tippi are two symbols depicting nasal sounds, whereas, adhak duplicates the
sound of consonant next to it in a word. All short vowels use tippi ({Ii?), whereas, long
vowels use bindi (-21:1:: ), except the case when ¢ modifier is present. Another symbol adhak
(V) is used to elongate the sound of succeeding consonant. There are a very few conjunct
consonants in Punjabi. When there is no vowel sound between first consonant and one
of the three second consonants, namely, d, J, and <, then the consonants d, J, and <
form the conjuncts as 3, 3, and 3. The conjuncts J () and = (:3) are used to make
consonant clusters and behave similarly; conjunct J () raises tone. Table 1.5 illustrates

these symbols used for nasalization, elongation and conjuncts. This table also shows one
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Table 1.4: Vowel modifiers in Gurmukhi script

Symbol | name Usage of symbol
mukta short a, as in vara, <d

T kanna long a(d), as in vara, 9

fin sthari short i, as in gina,

il bihari long ¢, as in kila, 1S

- aunkar short u, as in buka, ¥

T dulainkre | long u(4), as in tula, <8

i la e, as in phela, 8

i duldwa ai, as in paina, UE

o hora 0, as in bota, 9

— _ . Ao
kanaura au, as in aurat, "Md3

more symbol < used for suppression of inherent vowel. The next section further explains

with examples, the characteristics of Gurmukhi script writing.

Table 1.5: Other symbols in Gurmukhi script

Symbol | name Usage of symbol

bindi gami (3), satainda (ASS)
o3 tippi pajaba (’VTT-ITH), sidha (ﬁ'ﬂ)
3 adhak sapa (W), radi (I<)

ey paireen rara | Srimana (Fﬁ'H"K)

HEH)

parreen vava | svayama o

(
paireen hahd | arha (3F)
oy halant rakta (343, tadbhava (3E€I<)

1.1.1 Writing zones in Gurmukhi script

Gurmukhi script is written in three writing zones. A sequence of points captured or
drawn during a pen-down and pen-up event while writing is called a stroke. The strokes
for writing characters in Gurmukhi script can be drawn in one of the three horizontal
zones, namely, Upper-zone, Middle-zone and Lower-zone. Most of the character symbols
of Gurmukhi are written in Middle-zone. Most of the consonants in Gurmukhi script have
horizontal lines in the upper parts. These lines are used to connect one consonant with
another, and is called as headline (shirorekha). The region above the headline denotes
the Upper-zone, where some of the vowels (-\, :\, 3 -ZIIZ?, s -iﬁit?, and u) and sub-parts

of some other vowels (fi:, and 1) reside. While the Middle-zone represents the area
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below the headline where the consonants and some sub-parts of vowels (f:, and )
are present. Middle-zone consists of most of the Gurmukhi characters. The Lower-zone
represents the area below Middle-zone where some vowels and subjoined symbols (£, 2,
3, 43, 43, and %) are present. A major problem in character recognition of Gurmukhi
is detection of headline. Figure 1.4 illustrates the writing zones of Gurmukhi script.
The next section explains various phases of handwritten character recognition systems.
A brief review of literature has also been included under various phases of handwritten

character recognition systems.

headline \ Upper-zone
a a Middle-zone
—  Lower-zone

Figure 1.4: Writing zones in Gurmukhi script

1.2 Handwritten character recognition process

There are five phases involved in recognition of handwritten characters. These phases
are: data acquisition and annotation, data preprocessing, feature extraction, recognition
and postprocessing (Jaeger et al., 2001; Zanibbi et al., 2002; Koerich et al., 2003). These
phases are closely coupled with each other in such a way that the output from one phase is
passed on as input to the next phase. Figure 1.5 elucidates various phases of handwritten
character recognition systems. Section 1.2.1 surveys the data collection and annotation

techniques used by researchers for handwriting recognition systems.

1.2.1 Data collection and annotation

Human computer interaction is the field of computer science that has attracted lot of re-
searchers to innovate in capturing the input for computer system. The invention of touch-
and pen-based devices have lead to development of systems for capturing handwriting
of users / commands. A number of technologies based on electromagnetic/electrostatic
and pressure sensitive sensors are available for pen-based tablets.A loop of wire in the
stylus tip creates an electric pulse between two grids of conductors, one each for x and

y coordinate spaced between 0.1 - 0.5 inch in an electromagnetic or electrostatic tablet.
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Figure 1.5: Phases of handwritten character recognition

A conductive or resistive material layers having mechanical spacing are used in pressure-
sensitive tablets. In these systems, voltage is applied to one of the resistive layer. Pressure
of stylus tip picks-up the voltage from resistive layer (and thus position). This technology
does not require use of any special stylus (Tappert et al., 1990). Common touch-based
systems 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 op-
erating system, Toshiba e310, Palm Taxi aka Palm-Pilot, Handsrping Visor, Tungsten
E2, PalmPilot Personal and PalmPilot Professional. Some of these devices are shown in
Figure 1.6. These devices have sensors and transducers that captures the movement of
pen like device over the screen. The sensor captures set of x-y points between pen-down
and pen-up state at constant rate that are evenly distributed over time. As mentioned
earlier, this set of z-y points is called as a stroke.

Gerriti (1993) in his report proposed JOT format for storing database for character recog-
nition. The JOT format was proposed as standard to store digital ink information as
binary format in a browser. JOT specification was not accepted in HTML3 specifica-
tions. Solutions to increasing demands for handwriting samples for online handwriting
recognition systems was proposed and implemented by Guyon et al. (1994). These so-
lutions includes data formats, data exchange protocols for recognizer benchmarking has
been accepted by many researchers from several companies and universities. This ASCII
format data known as UNIPEN was designed for collecting data with any tablet de-
vice. In this format, sequence of pen coordinates annotated with various information,

like segmentation and labeling are stored. Jaeger et al. (2001) developed a system for
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Figure 1.6: Innovative devices for human computer interaction

capturing handwritten Japanese characters. They describe the process of storing strokes.
One should work on a minimal set of words for a particular script, and should stress
on categorizing the identification of different styles of writing (Bhaskarabhatla et al.,
2004; Bhaskarabhatla and Madhvanath, 2004). A tool based on Ink Markup Language
(InkML) standard was used by them to annotate digital ink. A tool based on the pro-
posed representation was used for annotation of digital ink. Ease and speed of annotation
were emphasized upon in the design of their tools. Kumar et al. (2006) proposed a novel
method for annotation at the character level for Telugu, Devanagiri, and Roman scripts
using a parallel corpus of online handwritten data and the corresponding text. Belhe
et al. (2013) proposed an XML based annotation format for storing handwritten data of

Indian scripts.

1.2.2 Data preprocessing

In this phase of pattern recognition, various preprocessing techniques are applied on the
input strokes collected during the data collection phase. This step is important, as it
reduces the geometric variance that exists in the data due to varying writing styles and
equipment for writing (Hu et al., 2000). This phase deals with removal of noise that may
be generated due to hardware limitations, oblique and imprecise hand movement during
writing, and drawbacks of digitization process (Guerfali and Plamondon, 1993; Kim and

Govindaraju, 1997; Shi and Govindaraju, 1997). This section reviews various techniques
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applied for removal of noise and making data ready for feature extraction and recognition

in the next phases.

Noise removal

Many signal processing techniques like Discrete Wavelet Transform (DTW) based de-
composition using Daubechies wavelet algorithms may be applied to remove noise from
tablet data (Lajish and Kopparapu, 2010). The noise in the tablet data originated due
to inaccuracies of the user for pen-down indications, inaccurate hand motions, and flaws
in digitization process. In pressure sensitive tablets, one may require thinning of lines,
as some user apply more pressure in writing, due to which points in the vicinity of ac-
tual stroke trajectory also get accumulated in the data (Hu et al., 1997, 2000). Wild
point correction technique is used to correct occasional illegitimate points captured due
to hardware problems. The algorithm is based on acceleration of stylus tip in x- and
y-directions. Wild points are corrected by replacement with average of previous and

following points.

Line and word segmentation

In the matter of handwritten character recognition, segmentation is an important pro-
cess. In offline handwritten characters, this process is used to extract lines of handwritten
sentences, then it is used to segment words taken from these sentences, and those can
be used further to segment the words into possible characters in the text (Tappert et al.,
1990; Lu and Shridhar, 1996; Amin, 1998; Plamondon and Srihari, 2000). Pechwitz and
Maérgner (2002) proposed a baseline detection algorithm to detect the orientation of a
word. They explained the importance of baseline as a precondition to a handwriting
recognition system. In systems, where ink information is available for conversion into
text, the segmentation algorithms are also applied to segment graphical texts in the form
of tables and figures (Jain et al., 2001; Blanchard and Artieres, 2004; Bishop et al., 2004;
Zhou et al., 2007; Delaye and Liu, 2012). Jayaraman et al. (2007) also used a baseline
detection approach in their pursuit to recognition of Telugu script. They explained a
modular approach to recognize Telugu script distributing the strokes into three classifiers
based on upper and lower baselines in Telugu script. Skew normalization and char-
acter segmentation can be performed with the help of baseline in any script. In online
handwritten character recognition, the segmentation process is required for baseline iden-
tification. In some complex cursive scripts, the process of segmentation has been applied

to extract sub-strokes from stroke level data (Fink et al., 2010). Another challenge for
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an online recognition systems is to extract textual information from within a complex
document. Text extraction from these documents is a challenging task because of the
complex background and multi-resolution criteria. Sultana et al. (2012) presented an

improved approach for segmenting text regions in these complex documents.

Normalization and Centring

As handwriting varies from one writer to another, one needs to normalize the strokes
written by each writer to achieve uniformity in size of each stroke. In the normalization
process, position, size and shape of strokes are regularized. Brown and Ganapathy (1983)
explains the size normalization methods in handwritten words. Size normalization tech-
niques in online handwriting recognition have been discussed by Guerfali and Plamondon
(1993). The slant correction, also called the de-skewing process, consists of a word trans-
formation relative to the baseline. The slant of characters is estimated relative to the
vertical axis with the assumption that baseline is horizontal (Guerfali and Plamondon,
1993). Huang et al. (2007, 2009) discussed the approach of size normalization in online

handwritten character recognition.

Smoothing and resampling

Curve smoothing eliminates errors due to erratic hand motion in the process of writing of
the script and reduces the amount of storage required for the pattern. While smoothing,
the points collected along the trajectory of the stroke are replaced using a cubic spline
interpolation between successive critical points. To maintain curvature smoothness, first
and second order derivatives are maintained as constants (Guerfali and Plamondon, 1993).
After smoothing, the points are re-sampled at equal distance from neighboring points
where data points are considered from the original points in the list. One dimensional
linear interpolation technique can be used as a procedure for uniform resampling (Brault
and Plamondon, 1993; Aparna et al., 2004).

1.2.3 Feature extraction

Feature extraction is an important step in any recognition system. In a recognition
system, for example, features must be selected in such a way so that we can differentiate
between an apple and an orange. Not only this, it is also important that one should be able

to distinguish between a green apple and red apple in the same apple class. Features are
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chosen in such a way that inter-class variability is maximized, and intra-class variability
is minimized (Devijver and Kittler, 1982). The research on identification of features
has gained attention of researchers in last few years. Choice of these features greatly
affects the recognition accuracy of the recognition systems. However, Jaeger et al. (2001)
also supported this phenomenon in their research and concluded that there is no standard
method for computing features of a script. In literature, features are classified as low-level
and high-level features. Low-level features focus on distribution of neighboring points,
whereas, high-level features focus on presence or absence of loop, headline, dots, etc.
Various different low-level and high-level features have been proposed in literature that
include, horizontal and vertical histograms, slope and curvature information, presence
of topological features, such as, loops, end-points, dots, and junctions in handwritten
characters. Features identified and used for online handwritten characters are called
spatio-temporal features. These features convey the positional information which helps
in locating the attributes that derive the positional, directional, structural or statistical
features for the handwritten character. Statistical features in handwritten character
recognition were proposed by Impedovo et al. (1991). Negi et al. (1995) used high-
level features like loops, ascenders, and descenders to recognize characters written in
English. Hu et al. (1997) extracted high level features and applied a localized procedure
to spread out these calculated features over their neighboring sample points resulting in
local representation of nearby high-level features. Many statistical features like zoning,
projections, crossings, etc. have been used for various scripts. Few features that are
included in the list of global features are Fourier coefficients (Man and Poon, 1992),
wavelet transforms (John et al., 1999), graph-based representations (Lu and Shridhar,
1996), and linear prediction coefficients (Alahari et al., 2005). Malaviya and Peters
(1997) proposed fuzziness in the definition of the proposed features, which provide an
enhancement to the handwritten character information to be stored. Lehal and Singh
(2000) identified features for Gurmukhi script into two sets of structural features as
primary features and secondary features. De Oliveira Jr et al. (2002) used high-level
features like ascenders, descenders, and word length for recognition of months of year
written in Brazilian and Portuguese scripts. They also experimented with directional
and zoning features in their work. Verma et al. (2004) incorporated many characteristics
of handwritten characters based on structural, directional and zoning information and
combined them to create a single global feature vector. Vamvakas et al. (2010) discussed
the use of statistical and structural features for handwritten character recognition system

in Greek.
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1.2.4 Recognition

The next important phase of pattern recognition is training of classifier. In machine
learning and statistics, classification is the problem of identifying the class of new obser-
vation, based on training set of data containing observations whose class membership is
known. At the data collection stage, various samples of handwritten data are annotated
based on their membership to a specific category of data. The categories are chosen
based on behavior/properties that differentiate them from other categories. The features
extracted from last phase are chosen in a way so as to maximize the chances of correctly
identifying these categories. The characteristics of these features also plays an impor-
tant role, as these should minimize the interclass variability. A variety of statistical and
structural methods for classification of handwritten characters has been experimented in
past four decades, which includes, Artificial Neural Networks (ANNs), Hidden Markov
Models (HMMs), and Elastic matching methods. Rabiner and Juang (1986) introduced
the theory of Markov models, and illustrated how these were applied to problems in
speech recognition. They defined HMM as a doubly stochastic process with an underlying
stochastic process that is hidden, and can only be observed through observable sequence
of symbols from another stochastic process. They also described three key problems that
must be solved for the model to be useful for real world applications. The first problem is
to identify and compute the probability of an observation sequence from a given model.
This problem is to find the model having best score for the observation sequence. The
second problem is estimation of hidden part of the model. The third problem attempts
to optimize the model parameters so as to describe the observed sequence optimally.
They concluded that their work shall encourage the use of HMMs for recognition prob-
lems.With the advancements in the devices involving human-computer interaction, one
also needs to develop technology for such interactions. The technology for these devices
was pioneered and patented by Jaeger (1986). He patented the idea of conductive ink
touch panel systems to input handwritten commands into the system. Almuallim and
Yamaguchi (1987) proposed geometrical and topological features for classifying strokes
extracted from segmented words for cursive handwritten Arabic script. A method to rec-
ognize unconstrained handwritten discrete symbols was proposed by Kurtzberg (1987),
that was based on elastic matching technique. Boser et al. (1992) proposed a learning
algorithm that maximize the inter-class variability. They worked on handwritten digit
recognition and found the performance of the algorithm comparable to the other recog-
nition methods. Later, Cortes and Vapnik (1995) exploited their algorithm to propose
new learning machine for two-group classification problems that led to development of

Support Vector machines (SVMs). Garcia-Salicetti et al. (1995) presented a neural pre-
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dictive system for online writer-independent character recognition. A fixed number of
predictive ANNs were used to model each letter in their work. For ten different writ-
ers, their system gave quite a good recognition rate and improvements in results have
also been reported with the extension of the system when durational HMM framework
was also applied. Hu et al. (1996) achieved a writer independent recognition rate of
94.5% on 3,823 unconstrained online handwritten word samples from 18 writers cover-
ing a 32-word vocabulary, whereas, 90.0% recognition rate was achieved by Takahashi
et al. (1997) for 881 Kanji characters. Plamondon and Srihari (2000) in their survey on
online and offline handwriting recognition systems explained various processes involved
starting from input to final understanding/recognition of characters for a language. They
have discussed categories of recognition methods, namely, structural /rule-based methods
and statistical methods in their work in order to recognize handwriting with pen-based
devices. Structural/rule-based methods start with defining robust and reliable rules for
recognition purposes. In Statistical methods, shape of a graphical mark known as stroke
is described by fixed number of features, and the classes of these graphical marks are
described by multidimensional probability distributions.

For Indic languages like Bangla, Devanagari, Tamil, and Telugu, a fair amount of re-
search in the area of online handwriting recognition has been done. Online handwritten
Devanagari character recognition has been studied by Connell et al. (2000) and Joshi
et al. (2005). Connell et al. (2000) proposed a recognition system for unconstrained on-
line Devanagari characters using HMM. They used structural properties of Devanagari
characters to improve the recognition performance. An accuracy to the extent of 86.5%
with no rejects was achieved by them. Joshi et al. (2005) in their research developed a
three-stage system that consists of structural recognition, feature-based recognition and
output mapping for recognizing online handwritten Devanagari characters. A two-stage
classification system for recognition of handwritten Devanagari numerals has been pre-
sented by Bhattacharya et al. (2006).

A good number of researchers have worked on online handwriting recognition of Bangla
language (Dutta and Chaudhury, 1993; Bhattacharya et al., 2006, 2007; Parui et al., 2008;
Bhowmik et al., 2009; Biswas et al., 2012). Dutta and Chaudhury (1993) proposed a cur-
vature feature based recognition method for Bangla alphanumeric characters, and found
the technique effective with two-stage feed forward neural network. Bhattacharya et al.
(2006) proposed a scheme for recognition of offline Bangla characters with local chain
code histogram of input character shape. Recognition accuracy of 92.1% on the test set
and 94.7% on the training set was achieved by them. Bhattacharya et al. (2007) pro-
posed direction code based feature for recognition of online handwritten basic characters

of Bangla script and achieved 93.9% and 83.6% recognition accuracies, respectively, on
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the training and test sets. (Parui et al., 2008) discussed about an HMM-based recognition
system for Bangla online handwritten numerals. Bhowmik et al. (2009) explained a hier-
archical classification scheme based on SVMs for handwritten Bangla characters. Biswas
et al. (2012) proposed a two-stage approach for classification of Bangla characters. They
obtained a character level recognition accuracy of 91.8% on the test set of 8,616 samples.
Uddin et al. (2012) presented a text extraction system for Bangla from scenic images
using morphological approach. Biswas et al. (2012) proposed an HMM-based two-stage
character classification system for Bangla script. Samanta et al. (2014, 2015) presented
an HMM-based unconstrained online handwriting recognition system for Bangla script.
Choudhury et al. (2015) investigated into a technique of recognizing Assamese handwrit-
ten characters using HMM- and SVM-based stroke classifiers in conjunction with each
other. Mandal et al. (2015) presented a curvature point based HMM state prediction for
online handwritten Assamese strokes recognition.

Recognition of online handwritten Kannada, Tamil, and Telugu characters has also been
studied by many researchers. Joshi et al. (2004) presented a comparison of various elastic
matching algorithms for recognition of online handwritten Tamil characters. Aparna et al.
(2004) discussed recognition of characters using string matching approach along with a
shape feature vector. Rajashekararadhya and Ranjan (2008) proposed a zone centroid
and Image centroid based distance metric feature extraction system. High recognition
rates have been reported for Kannada, Malayalam, Tamil and Telugu numerals in their
work. Prasad et al. (2009) presented a divide and conquer approach to recognize Kan-
nada characters, by dividing the strokes into various auxiliaries and using classifiers for
each of the auxiliary to predict the Kannada characters using a rule base. They have
argued that apart from baseline detection, choice of features for recognition engine is
another area where one needs to focus his research into. Rampalli and Ramakrishnan
(2011) reported an improvement of 11.0% in recognition system for an online handwritten
character recognition system working in combination with offline recognition system for
Kannada language.

Lehal and Singh (2000) presented a system for recognition of machine printed offline Gur-
mukhi script and operated at sub-character level and achieved a recognition rate of 96.6%.
Later, Sharma et al. (2008) and Sharma (2009) proposed an online handwriting recogni-
tion system for Gurmukhi script. Sharma et al. (2010) proposed an HMM-based approach
for recognition of online handwritten Gurmukhi characters. They achieved a recognition

rate of 91.9% for 60 handwritten samples of 41 Gurmukhi characters each.
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1.2.5 Postprocessing

After the recognition process, the system may give conflicting and/or erroneous results.
In fact, in majority of cases, the system may requires postprocessing step to generate
the final output character. From the previous section, it may be noted that most of
the systems have used stroke-based classifiers. A character in the script can be writ-
ten using one or more than one strokes. The postprocessing step utilizes the language
information to generate the final outcome. Researchers have used postprocessing steps
in Indic scripts for generating final outcome. In one of the most widely used scripts in
India, i.e., Devanagiri script, spatial relationship between constituent symbols play an
important role in generating the final outcome. Sinha (1987) presented the design of a
postprocessor which corrects the syntactically incorrect Devanagari symbols using a finite
state machine. For handwriting input, a stroke set may generate one or more than one
characters. Tappert et al. (1990) designed a dictionary-based approach for generating
characters from various stroke shapes. Pitrelli and Perrone (2002) evaluated postprocess-
ing methods to generate confidence scores at the character or word level with a variety
of scoring functions, including likelihood ratios and estimated posterior probabilities of
correctness. Carbonnel and Anquetil (2004) presented an optimized lexicon-based post-
processing technique designed for English handwritten word recognition. Sharma et al.
(2009a) discussed about variations in sequence of strokes for writing Gurmukhi script,
and proposed a rearrangement mechanism to group strokes, so that correct characters can
be formed in the post-processing phase of the recognition process. Kumar and Sharma
(2013) and Kumar et al. (2015) proposed a postprocessing algorithm for generation of
characters from a set of intermediate strokes created by recognition system. Sundaram
and Ramakrishnan (2015) described a postprocessing strategy for online handwritten iso-
lated Tamil words.

Table 1.6 illustrates some significant works done by researchers, the recognition meth-
ods used and accuracy achieved for different languages in online handwritten character

recognition systems.

Table 1.6: Recognition techniques used and accuracy achieved for different languages

Language | Authors Technique Accuracy

Arabic Almuallim and | Elastic Matching 91.0% character recognition
Yamaguchi accuracy on a data set of
(1987) 400 words written by two

persons
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Language | Authors Technique Accuracy
Dutta and | Feed forward Neural Net- | 90.0% accuracy for numeral
Chaudhury work characters and 85.0% ac-
(1993) curacy for alpha-numeric
Bangla
characters
Bhattacharya Multilayer perceptron clas- | 83.6% stroke recognition ac-
et al. (2007) sifier curacy
Parui et al. | HMM-based classifier 84.6% stroke recognition ac-
(2008) curacy
Bhowmik et al. | SVM-based hierarchical | 85.1% character recognition
(2009) classification scheme accuracy
Biswas et al. | HMM-based stroke recog- | 91.9% character recognition
(2012) nizer accuracy
Bhattacharya Stroke segmentation and | 97.7% stroke recognition ac-
and Pal (2012) | recognition from Bangla on- | curacy
line handwritten text. SVM
used for stroke recognition
English Garcia-Salicetti | Neural Networks, extended | 82.0% symbol recognition
et al. (1995) to HMM accuracy
Hu et al. (1996) | HMM-based stroke recog- | 94.5% word recognition ac-
nizer curacy
Bharath and | Lexicon free and Lexicon | 87.1% character recogni-
Hindi Madhvanath driven recognizer tion accuracy with com-
(2012) bined recognizers at 20K
lexicon size
Connell et al. | HMM- and Nearest | 86.5% character recognition
(2000) Neighbour-based stroke | accuracy
recognizer
Joshi et  al. | Subspace method for classi- | 94.5% character recognition
(2005) fication accuracy
Bhattacharya ANN-  and HMDM-based | 91.3% stroke recognition ac-
et al. (2006) classifiers curacy
Takahashi et al. | HMM-based classifier 90.0% character recognition
Japanese

(1997)

accuracy
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Language | Authors Technique Accuracy
Jager et al. | HMM-based classifier Word recognition rate of
(2003) 81.0% without language
modeling and 86.0% with
bigram modelling
Kannada Prasad et al. | Rule-based classifier, divide | 81.0% character recognition
(2009) and conquer accuracy
Sharma et al. | HMMs and Elastic match- | 91.9% character recognition
(2008); Sharma | ing technique accuracy
Punjabi (2009); Sharma
et al. (2010)
Kumar and | Post processing algorithm, | 95.6% character recognition
Sharma (2013) | and stroke sequencing for | accuracy
and Kumar | character formation, stroke
et al. (2015) recognition using SVMs
Joshi et al. | DTW 94.8% character recognition
. (2004) accuracy
Tamil
Aparna et al. | Finite state automaton for | 82.0% character recognition
(2004) stroke recognition accuracy
Bharath and | Lexicon driven recognizer 91.8% character recognition
Madhvanath accuracy
(2007)
Sundaram and | Attention feedback System | 98.1% symbol recognition
Ramakrishnan for stroke segmentation. | accuracy
(2013) SVMs used for stroke
classification
Telugu Jayaraman et al. | Baseline detection, SVM- | 83.0% character recognition

(2007)

based classifiers for differ-
ent sets of strokes divided

by baselines

accuracy

In the next section, problems faced by researchers in online recognition of handwritten

characters have been presented.
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1.3 Problems in recognition process

Online handwriting recognition captures a character as a set of strokes which are rep-
resented by a sequence of coordinate points. This way of capturing characters becomes
conspicuous while dealing with strongly distorted characters written in a cursive style.
Also, in online handwritten character recognition systems, it is very natural for the user
to detect and correct mis-recognized characters on the spot by verifying the recognition
results as they appear. The user is generally encouraged to modify his writing so as to
improve recognition accuracy. Following subsections explain the difficulties faced while

creating an online handwriting recognition system.

1.3.1 Variations in handwriting styles

Handwriting has great variations, one writes a character in different shape at different
times. Two persons write a given character in different shapes and even with a different set
of strokes. These strokes are many times written in different sequences. These variations
are mostly geometrical in nature. Common geometrical properties are position, size,
aspect ratio of strokes or characters, retraces, slant of strokes and number of strokes
in a character. Tappert et al. (1990) have argued that the shape of a character is also
influenced by the word in which it is appearing. Characters can look similar although
their number of strokes, and the drawing order and direction of the strokes may vary

considerably.

1.3.2 Personal, situational and material factors

The personal factors in handwriting variations include writers’ handedness. A writer is
either left handed or right handed. It has been noted that left and right handed people
use different positions and directions in handwriting. A good recognition requires neat
and clean handwriting. In most of the cases, it has been observed that neat and clean
handwriting also depends on their profession.

The presentation of writing also depends upon situational factors. A person writes very
fast when in haste; he may write slowly when in stress; and distraction also affects
the writing style of writer. The material factors depend on the hardware used in writing.
The material used in writing may provide comfort or discomfort to the writer that results

into variations in handwriting. This includes the position and size of writing board. The
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length of the writing line or the size of the bounding boxes for characters could have

effect on the handwriting style.

1.3.3 Writer dependence

Online handwritten character recognition system can be writer dependent and writer
independent. These categories depend on the data with which recognition systems have
been trained. The system that is based on known writing styles is called writer dependent
system. The writer dependent systems are expert in certain handwriting styles and
include recognition constraints with respect to stored handwriting styles. Therefore, a
writer dependent system is trained with data collected from the writers whose handwriting
will be recognized in the future. Writer independent systems are meant for the unknown
handwriting styles. Writer independent system is more difficult to develop in comparison
to writer dependent system. It is because writer independent system needs to study all
common aspects of handwriting. Also, writer independent system demands all possible
options to store handwriting variations in the database. Subrahmonia (2000) described
in his work on similarity measures for writer clustering that writer dependent recognition
systems show better recognition accuracy in comparison to writer independent recognition
systems. In practical situations, there is a need to create writer independent recognition

systems for recognition of unknown handwriting styles.

1.4 Gaps in earlier study

The handwriting recognition has been a subject matter of research for more than four
decades wherein researchers endeavored to simplify this process using various methodolo-
gies. Existence of handwriting recognition systems has grown considerably now. Recent
literature shows that researchers have achieved good results for languages such as Ara-
bic, Bangla, Chinese, Devanagiri, English and Urdu. Complex nature of Gurmukhi script
and variations in writing styles necessitated the scope to review existing systems of online
handwritten character recognition system for this script. As such, there is a need to study
online recognition process for Gurmukhi alphanumeric characters. Sharma et al. (2008,
2009b,a, 2010) worked on online handwritten character recognition system with elastic
matching technique, and Hidden Markov models to achieve a character level accuracy
of 81.0% and 91.9%, respectively with 40 stroke classes. In their work on recognition of
Gurmukhi script, they cited use of restricted data set leading to the scope of study for

improvements in recognition accuracies. It has been observed that:
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o The stroke database that has been created for the study is not large enough to
give good inference. We also need to increase the stroke classes for a robust writer-

independent system.

o The HMM models that have been implemented for Gurmukhi script use the basic
technique of maximum likelihood estimation, in order to describe characteristics of
the model. Other important algorithms for improving the efficiency of HMM have

not been explored.

1.5 Objectives

This research work was initiated with the following objectives:

(i) To create a stroke database consisting of at least 30,000 strokes for Gurmukhi

alphanumeric characters.

(ii) To explore the existing features of strokes and propose new features for improving

the efficiency of recognition.

(iii) To implement algorithms of HMM on the developed database and to develop a new

model using auxiliary information approach.

(iv) To validate the developed model for better accuracy.

1.6 Contributions

In order to achieve these objectives, an illustrative literature review pertaining to different
stages of handwriting recognition system has been carried out. In this thesis, an attempt
has been made to improve the handwriting recognition system for Gurmukhi script. For
this purpose, a large database of Gurmukhi handwritten words has been collected involv-
ing native writers. Different features for classification, SVM- and HMM-based classifiers,
and various feature-classifier combinations have been explored for improving the charac-
ter recognition accuracy in Gurmukhi Script. A study on improvement in efficiency of
HMM-based classifier using auxiliary information has also been performed. The main

contributions in this research work are outlined below.

1. A dataset of 45000 Gurmukhi words has been collected using Dell XT3 Tablet device
in the form of digital ink. An XML-based format for storing this digital ink data to

hold writer information, and annotation details ranging from page to stroke level,
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has also been used. Experiments have been conducted on a range of [76, 99] stroke
classes for classification and formation of characters in Gurmukhi script.

2. Various preprocessing algorithms have been implemented. Normalization, and cen-
tring of strokes have been done to tackle variations in handwriting of writers. Dif-
ferent writers have different speed of writing and imperfections in the hardware
sensors, some points are not captured, or are over-captured. These issues have
been tackled by smoothing and resampling of strokes.

3. In one of the experiments, five different features for stroke recognition have been
explored with SVM for 82 different classes of strokes.

4. In another experiment, 99 stroke classes have been identified based on occurrence
of strokes in three zones, namely, upper, middle, and lower. Two zone identification
algorithms have been proposed and implemented. Two different approaches for
online handwritten Gurmukhi character recognition have been implemented with
different zone identification strategies and use of different classifiers.

5. SVM- and HMM-based classifiers have been trained for improving the character
recognition accuracies of Gurmukhi script. A voting-based classifier model has also
been explored.

6. An HMM-based classifier has been trained with auxiliary information approach to

improve the recognition accuracies of Gurmukhi script.

1.7 Layout of thesis

The focus of this thesis work is on recognition of Gurmukhi script. The work done here
is organized in seven chapters.

First chapter introduces the characteristics of Gurmukhi script and highlights the need
to have handwritten character recognition system for Gurmukhi script. This chapter
elucidates major issues in online handwritten character recognition and complexities of
these issues. An introduction to the processes involved in online handwritten character
recognition of other scripts has also been explained. A detailed study of literature has
also been carried out under these processes and a review of that research work is listed
process wise.

Chapter two has focused on the processes of data collection, selection of writers, and
how data is stored. It also illustrates the identified strokes classes. In this chapter, an
outline of common preprocessing techniques of normalization, centering, duplicate point
removal, smoothing and resampling has been illustrated.

In Chapter three, classification of Middle-zone strokes using zone based features with
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various support vector machine kernels has been presented. This chapter introduces five
different zone based features and illustrates how they are extracted from the stroke data.
100 samples each of 82 different Middle-zone stroke classes have been used for training
of four different support vector machine kernels, namely, linear, polynomial, radial basis
function, and sigmoid. A cross-validation study of SVM classifiers on these features has
also been discussed in this chapter.

Chapter four discusses the study undertaken to train a coherent classifier for recog-
nition of Gurmukhi script in online handwritten character recognition system for Gur-
mukhi script. Seventy two different HMM- and SVM-based classifiers for recognition
of online handwritten Gurmukhi characters have been explored. Five different features,
namely, Normalized z-y traces, Region based features, Curvature features, Curvature fea-
ture based classes, and Directional features have also been explored. The results of top
three feature-classifier combinations have been compared on a dataset containing 35 basic
characters of Gurmukhi script. Highest recognition rate of 96.4% has been achieved with
HMM-based classifier. A voting-based classification model based on top three feature-
classifier combinations has also been implemented having character recognition rate of
96.7%.

In Chapter five a study on stroke zone identification is illustrated. Two different ap-
proaches for handwritten character recognition system for Gurmukhi script based on
zone identification technique is elucidated. The dataset consisting of basic characters,
characters with vowel modifiers, characters with subjoined symbols, and characters with
symbols have been considered. In one of the approaches, three different SVM-based clas-
sifiers on 99 stroke classes in the three writing zones, namely, Upper-zone, Middle-zone,
and Lower-zone have been trained. In this approach, stroke zone is identified before pre-
processing and then corresponding classifier of that zone is called to identify the class of
stroke. An accuracy of 95.3% has been achieved for zone identification, whereas, a char-
acter recognition accuracy of 74.8% has been achieved in this work. In another approach,
a single HMM-based classifier is trained with 74 stroke classes from all writing zones.
A more efficient zone identification algorithm is implemented having zone identification
accuracy of 97.7%. Stroke zone information has been used to form the final character. In
this experiment, an accuracy of 88.4% has been achieved for character identification for
Gurmukhi script.

Chapter six discusses a new approach for improving the efficiency of HMM-based clas-
sifiers. Srivastava and Jhajj (1981) investigated a class of estimators that exploits in-
formation on an auxiliary variable that can be used for estimating the mean of a finite
population. These estimators are defined as a function of the ratio of sample mean to

population mean and the ratio of sample variance to population variance of the auxiliary
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variable. In the experiment in this chapter, a modified HMM (7, A, B) has been modeled
using auxiliary information available on a large population data. The HMM for a given
feature has been modified using the auxiliary information available for other.

Chapter 7 concludes the study with summary of work done in the thesis. It also includes
the scope for future work in the direction of proposing an even more efficient handwritten

character recognition system for Gurmukhi script.
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Chapter 2

Data Collection and Preprocessing

Apropos the previous chapter, in which an extensive review of literature has been pre-
sented, along with an introduction to the characteristics of Gurmukhi script. Style vari-
ations in handwriting are common problems as the same are a person specific skill. In
order to deal with these variations, online handwritten character recognition system has
not only to deal with the identification of characters but it also must focus on providing
an interface, whereby a user can modify/edit the handwritten characters in a natural
way. This chapter describes the procedure of selection of writers and collection of data
from amongst those writers. Hence, this chapter has been divided into five sections. In
Section 2.1, the strategy adopted to collect handwritten data from various writers has
been given. Section 2.2 explains about the software developed for collecting the hand-
written data. In Section 2.3, the XML specification for storing the handwritten data has
been explained. This section also explains the process of annotating the data. Section
2.4 elucidates the preprocessing of handwritten data for construction of classifiers. The

last Section 2.5 summarizes the chapter.

2.1 Collection of stroke data and database creation

As mentioned above, each writer has a specific style of handwriting. The style variations
depend upon the geometrical formation of strokes formed by the concerned writer. As
explained in previous chapter, common geometrical properties such as position, size,
aspect ratio of strokes or characters, retraces, slant of strokes, and number of strokes vary
from one writer to another. Personal and situational factors also affect the handwriting
styles of the writers. The handwriting of a left handed person varies from that of a
right handed one due to positional choice of writing. Situational and professional factors
affect the variation in neatness and speed of handwriting. Another important factor
having bearing on the handwritten character recognition system is the choice of device
for handwritten stroke capturing.

Stroke is the smallest unit of online handwritten documents. Each writer has a unique

style of writing and choice of number of strokes in which he/she writes a character. A stoke
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is defined as the set of points traced between pen-down and pen-up event while writing. A
character in the script can be written using one or more strokes. The writer has a choice in
giving sequence to the strokes while writing a character, which makes the identification
of character a challenging task. In this work, samples of Gurmukhi words have been
collected using Dell Latitude XT3 Tablet PC. Strokes for writing the word along with
their sequence have been recorded in XML format. An 800 x 800 interface for writing the
strokes has been used. Each stroke consists of x-y traces of digital stylus on the touch
screen in between successive pen-down and pen-up movements. In the data collection
phase, 44,221 samples of 2,048 unique Gurmukhi words containing 2,41,239 stokes have
been collected from 167 writers. From this collected data, commonly occurring stroke

classes have been selected based on their frequency /usage by the respective writers.

2.1.1 Identifying writers for data collection

The writers have been chosen from various parts of Punjab, who are familiar with writing
Gurmukhi script and are using this script in their day-to-day working. Among the users,
there are school children studying in class 6 and above upto the degree / diploma level,
Government officials well-versed in the use of Gurmukhi at local offices in Punjab, staff
involved in development of Gurmukhi script and some commoners who have studied
Punjabi at their school level. Figure 2.1 illustrates the profession wise percentage of
writers who have contributed in data collection. Figure 2.2 shows the percentage of
handwritten data contributed by each category. It is worth mentioning here that office
workers contributed 31,297 words of handwritten data, which is 70.8% of the total data
collected. Out of 167 writers, 88 were males and 79 were females who contributed. Out
of these 167 writers, 10.2% were left handed. Based on the writing styles of users and
stroke formation, the strokes’ data is classified into two different classes, namely, Class
A and Class B. Class A data consists of those strokes that have been written by users as
per standard method of writing script in an unconstrained environment. While Class B
data consists of those strokes that do not meet standards of script writing and are also
written in an unconstrained environment. It is pertinent to mention here that one needs

to implement different approaches for recognition of Class A and Class B data.
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Commoners Students

Research Staff

Office-workers

Figure 2.1: Profession-wise writer distribution

Students

Commoners

Research Staff

Office-workers

Figure 2.2: Profession-wise handwritten word distribution

2.2 Software for data collection

The set of 2,048 Punjabi words has been divided into small sub-dictionaries, which have
been used for collecting the stroke database. All 167 writers mentioned in previous section
have been asked to write one of these sub-dictionaries on a Tablet-XT3 PC. The stroke

data have been collected using a software meant for collecting the handwritten words. In

29



Chapter 2. Data Collection and Preprocessing

this software, initially the credentials of the writer are recorded and a user-id is allocated
to him. The user-id is unique in the database, that keeps track of the words written by
the writer. Two words are shown to a writer for writing from the dictionary as shown in
Figure 2.3. The screen has been divided into two sub-frames having ample space to write
the word. Figure 2.3 shows one of the views, where the writer has been asked to write two
words @’3, and WHT. To overcome situational factors like fatigue while writing, the writers
have also been allowed to take breaks in writing. Although, the software gives freedom to
the writer to write the strokes in any size, but two marker lines indicating baseline and
headline have been given to help the writer to identify the boundaries. In the software,
the writer also has the convenience of rewriting the strokes, if he has mistakenly written
incorrect strokes. The software keeps track of the last word in the dictionary written by
the writer, and it starts from screen showing the next words. The strokes in a word have
been recorded in the XML format, when writer clicked on the save button on one screen.
The points traced in between pen-down and pen-up event of the Tablet device are saved
as one stroke. All strokes traced along with their sequence for writing the word have been
recorded into single XML entity in the writer’s database. The next section describes the
stroke database, stroke classes and annotation of strokes to respective stroke classes. The

section also describes XML specifications for storing the database.

Total No. of words 1 [ Save J L Eit J

Figure 2.3: Software for recording handwritten character database
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2.3 Stroke database

The handwritten samples of words collected through the software interface described
in previous section have been collected user-wise. After collection of handwriting data
from 30 writers, similar shape strokes have been identified as a class based on their
frequency in the whole database. We have identified 99 stroke classes as listed in Table
2.1 based on frequency analysis. As explained in Chapter 1, Gurmukhi script is written
in three writing zones, namely, Upper-zone, Middle-zone, and Lower-zone. Each stroke
class identified in this work has been allotted a strokelD. Strokes having strokelDs 101-
107 appear in Lower-zone, strokelDs 121-134 appear in Upper-zone, and the remaining

strokes appear in Middle-zone, while being written.

Table 2.1: List of identified strokes: StrokelDs and shapes

Stroke Shape | — : . d v = S

StrokelD 101 | 102 | 103 | 104 | 105 | 106 | 107

Stroke Shape

StrokelD 121 | 122 | 123 | 124 | 125 | 126 | 127

Stroke Shape

StrokelD 128 | 130 | 131 | 132 | 133 | 134 | 141

Stroke Shape S G | = - < h ’

StrokelD 142 | 143 | 144 | 145 | 146 | 147 | 148

Stroke Shape | © v - - # L d

StrokelD 149 | 150 | 151 | 152 | 153 | 154 | 155

Stroke Shape d o LY d ‘ |

StrokelD 156 | 157 | 158 | 159 | 160 | 161 | 162

Stroke Shape | d d ¥ | v a 2

StrokelD 163 | 164 | 165 | 166 | 167 | 168 | 169
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Stroke Shape Y Y b o T 7|4

StrokeID 170 | 171 | 172 | 173 | 174 | 175 | 176

Stroke Shape

StrokeID 177 | 179 | 180 | 181 | 182 | 183 | 184

Stroke Shape S s & g ¢ 3 o

StrokelD 185 | 186 | 187 | 188 | 190 | 191 | 192

Stroke Shape v 2 K M ) n G

StrokelD 193 | 194 | 195 | 196 | 197 | 198 | 200

Stroke Shape

StrokeID 201 | 202 | 203 | 204 | 205 | 206 | 207

Stroke Shape a4 | o L v 3 < g

StrokeID 208 | 209 | 210 | 211 | 212 | 214 | 215

Stroke Shape I & / 7 ¥ B ¢

StrokelD 216 | 217 | 218 | 222 | 223 | 224 | 225

Stroke Shape v

StrokelD 226

After identification of stroke classes, the collected data needs to be annotated. Gurmukhi
handwritten words have been annotated for each stroke using software created for an-
notation. Figure 2.4 shows a view of the software used for annotation, where word »HT
is being annotated for five strokes. Each column shows the raw stroke and preprocessed
stroke. The strokelDs for each stroke have been recorded using the software by manually
matching their shapes with the strokelDs shape. The next section explains the XML

format in which the database have been stored.
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WORNG: 4 WorgDese-- e Yseri: us0L, Filéhame: isrOTR0004 xinl Assignids E

Figure 2.4: Annotation of word ™HT using developed software.

2.3.1 XML specifications

There are various different standard formats for collection of handwritten data as men-
tioned in Chapter 1. Kumar et al. (2006) in their work have stressed upon annotation
of handwritten data at character level, for making a corpus of handwritten data and the
corresponding text. In this section, the specification of XML database has been explored.
The stroke data collected from 167 writers have been stored into XML format popularly
being used to store handwritten character for Indian scripts (Belhe et al., 2013). This
OHWRSchema provides a schema for storing and sharing handwriting data collected
with a pen device of some sort. The schema helps to categorize the data into multiple
levels viz., page, line, word, akshara, strokegroup and stroke and subStroke levels and en-
capsulates the data collection and writer information along with the actual handwriting
sample. It has four key elements, namely, dataSetDef, writerDef, annotationSchema, and
annotationDef, where, dataSetDef describes the word database used for collecting the
data, writerDef describes the information about the writer, annotationSchema lists var-
ious annotation levels present in the document, and annotationDef contains the actual

device data along with every level mentioned in annotation scheme.
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1 <?xml version="1.0" encoding="utf—-8"7>
2 <OHWRSchema>

3 <dataSetDef>{0,1}</dataSetDef>

4 <writerDef>{0,1}</writerDef>

5 <annotationSchema>{0,1}</annotationSchema>

6 <annotationDef>{1,1}</annotationDef>
7 </OHWRSchema>

Figure 2.5: OHWRSchema.xml

In the writerDef element, information about the writer has been maintained. The sub-

elements of writerDef are listed in Figure 2.6.

1 <writerDef>

2 <name>Karun Verma</name>

3 <age>34</age>

4 <gender>Male</gender>

5 <region>Punjab</region>

6 <dateOfCollection>11/11/2013</dateOfCollection>

7 <educationLevel>Post—graduation</educationLevel>

s <profession>Assistant Professor</profession>
9  <hand>Right</hand>

10 <noOfPagesPerMonth>10</noOfPagesPerMonth>

11 <deviceType>Tablet—PC</deviceType>

12 </writerDef>

Figure 2.6: Sub-elements of writerDef

The most important component of OHWRSchema is the annotationDef element. All the
handwritten data collected from pen based devices along with annotation details have
been stored in this element. The pointOfOrigin element has been used to store the origin
information of the data collection device. Four different values have been used for this
element, as, 0 for left-bottom, 1 for left-top, 2 for right-bottom and 3 for right-top. The
pointOfOrigin value has been used during preprocessing for using the raw strokes. In
some cursive Indian scripts, the writer may write more than one character in one single
stroke. To differentiate the characters, the strokes in the script have been segmented
into sub-stroke level. In this work on online handwritten Gurmukhi script recognition
the element sub-stroke is same as stroke. All the annotation has been done at both the

stroke and the sub-stroke levels.
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1 <annotationDef>
2 <pointOfOrigin>{1,1}</pointOfOrigin>
3 <document encodingType="" pageCount="" traceDimension="">{1,1}</

document>

4 </annotationDef>

Figure 2.7: Sub-elements of annotationDef

The raw stroke points traced during pen-down and pen-up events of writing have been
stored in hwTrace element under sub-stroke. The hwTrace element lists the number of
points, the dimension and the list of values for all the dimensions for all the points. Figure

2.8 contains an example of hwTrace containing 70 x — y traces.

1 <hwTrace NumberOfPoints="70">
2 <trace> 554 93 555 93 556 93 557 93 559 93 561 93 562 93 563 93 566 93
567 93 568 93 569 93 570 93 571 93 572 93 573 94 574 94 574 95
574 96 575 97 554 93 555 93 556 93 557 93 559 93 561 93 562 93 563
93 566 93 567 93 568 93 569 93 570 93 571 93 572 93 573 94 574 94
574 95 574 96 575 97 554 93 555 93 556 93 557 93 559 93 561 93
562 93 563 93 566 93 567 93 568 93 569 93 570 93 571 93 572 93 573
94 574 94 574 95 574 96 575 97 568 93 569 93 570 93 571 93 572
93 573 94 574 94 574 95 574 96 575 97 </trace>
3 </hwTrace>

Figure 2.8: Sub-elements of hw'Trace

The annotation information is stored at all levels of document using labelDesc element.
Figure 2.9 shows a view of annotated XML showing annotation for the word @ This
word contains two strokes as shown in this figure. It can be seen here that labelDesc
has been added in stroke element as well as subStroke element for the two strokes. As
explained earlier, stroke is the smallest element considered in this work, so the annotation
information at subStroke level is taken from the stroke. The two strokes annotated are
142 ( S ) and 101 ( — ). The sequence of stroke is maintained in the document for each
word. One or more strokes combine together to form an akshara. An akshara is defined
as orthographic syllable required for text processing (Lata et al., 2015). For example,
the word 9?( is formed using two aksharas @ and 3. The akshara @ can be formed us-
ing one unicode character ‘U+0A09” and also using two Unicode character combination
‘U+0A73" + ‘U+0A41’, whereas, 3 can only be formed combining two Unicode charac-
ters ‘U+0A24" + ‘U4+0A47". These Unicode level details are maintained at akshara level
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1 <stroke strokeNumber="1" subStrokeCount="1" truthLevel="labeled ">
2 <labelDesc>
3 <desc>142</desc>
4 </labelDesc>
5 <subStroke subStrokeID="1" subStrokeNumber="1" truthLevel="labeled >
6 <labelDesc>
7 <desc>142</desc>
8 </labelDesc>
9 <hwTrace NumberOfPoints="176">
10 <trace>
11 554 93 555 93 556 93 557 93 559 93 561 93 562 93 563 93 566
93 567 93 568 93 569 93 570 93 571 93 572 93 573 94 574
94 574 95 574 96 575 97 576 98 576 99 576 100 576 101
576 103 576 104 576 105 576 107 575 108 575 109 574 110
573 111 572 111 571 112 569 113 568 113 567 113 564 114
563 115 562 115 560 115 559 115 558 115 557 115 556 115
555 115 554 115 557 115 558 115 560 115 561 115 562 115
563 115 564 115 565 116 566 116 566 117 567 117 568 118
569 118 569 120 570 120 570 121 570 122 571 123 571 124
571 125 571 126 572 126 572 128 572 129 572 130 572 132
572 133 572 135 571 136 571 137 571 138 570 139 569 140
568 141 567 141 567 142 566 142 565 142 564 143 563 144
562 144 561 144 560 144 558 144 557 144 556 144 554 144
553 144 552 144 551 144 549 143 548 142 544 140 543 139
541 137 539 136 538 134 536 132 535 129 533 128 532 126
531 123 530 120 529 116 528 114 528 110 528 106 528 103
528 101 528 98 528 97 528 96 528 92 528 90 529 88 529 86
530 84 531 81 533 79 534 77 536 73 537 71 539 69 540 67
542 66 543 63 546 61 547 60 549 58 551 57 553 56 555 55
556 54 557 54 558 54 560 54 560 53 561 53 562 53 563 53
564 53 565 53 566 53 567 53 567 54 569 55 569 57 571 59
572 60 572 62 573 62 573 64 574 65 574 66 575 67 575 68
575 69 575 70 576 71 576 72 576 73 576 74 576 75 576 76
577 77 577 78 577 79 577 81 577 82
12 </trace>
13 </hwTrace>
14 </subStroke>
15 </stroke>
16 <stroke strokeNumber="2”" subStrokeCount="1" truthLevel="labeled”>
17 <labelDesc>
18 <desc>101</desc>
19 </labelDesc>
20 <subStroke subStrokeID="2" subStrokeNumber="1" truthLevel="labeled >
21 <labelDesc>

22 <desc>101</desc>

23 </labelDesc>

24 <hwTrace NumberOfPoints="14">

25 <trace>

26 540 160 541 160 543 160 546 160 550 160 556 160 560 160 565 160
569 160 572 160 573 160 575 160 576 160 576 159

27 </trace>

28 </hwTrace>

29 </subStroke>
30 </stroke>

Figure 2.9: View of Annotation at stroke level
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in the XML document. The information regarding stroke(s) / subStroke(s) used to write
the akshara is maintained in the subStrokelIDSeq of akshara element. Annotation details
corresponding to the akshara structure have been described in Figure 2.10. Variations in
size or shapes in handwriting is another major observation while collecting the handwrit-
ten data. The next section explains the preprocessing transformations performed on the

handwritten raw data to generate training and testing data required for recognition.

2.4 Preprocessing

Preprocessing is the set of transformations performed on the raw data to normalize the
strokes and remove variations due to unequal size of strokes. These variable sized strokes
would otherwise create complications in classification. Important transformations that
have been performed on the raw data are normalization, centering, duplicate point re-
moval, smoothing, and resampling. This section further explains the techniques applied
to perform these transformations. Figure 2.11 shows the raw points captured from the

device.

2.4.1 Normalization and centring

Since the size of stroke varies from one writer to the other, it all depends upon the move-
ments of the pen by a writer during pen-down and pen-up event. Continuous writing
affects the size of these strokes. Size normalization transforms every stroke to the same
size. To normalize strokes into similar size strokes, the boundaries of the raw strokes have
been calculated (min,, min,, max,, mazx,). The algorithm for normalization and center-
ing has been explained under the title Algorithm 2.1. After performing normalization and

centering, the input stroke is moved to new window of size X, x Y,. Figure 2.12 shows
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38 </word>

1 <word aksharaCount="2" strokeCount="5" subStrokeCount="5" truthLevel="

labeled” wSentencelndex="0" wordNumber="1">
<labelDesc>
<desc> 83 </desc>
<annotationDetails numberOfCodeChars="3">
<codeSequence>0A09 0A24 0A47</codeSequence>
</annotationDetails>
</labelDesc>
<qualityBits>1111</qualityBits>
<stroke strokeNumber="1" subStrokeCount="1" truthLevel="labeled”’>...<

/stroke>

<stroke strokeNumber="2" subStrokeCount="1" truthLevel="labeled”>...<
/stroke>

<stroke strokeNumber="3" subStrokeCount="1" truthLevel="labeled”>...<
/stroke>

<stroke strokeNumber="4" subStrokeCount="1" truthLevel="labeled”>...<
/stroke>

<stroke strokeNumber="5" subStrokeCount="1" truthLevel="labeled”>...<
/stroke>

<akshara aksharaNumber="1" strokeGroupCount="1" truthLevel="labeled ">
<labelDesc>

<desc> 8 </dese>
<annotationDetails numberOfCodeChars="1">
<codeSequence>0A09</codeSequence>
</annotationDetails>
</labelDesc>
<strokeGroup strokeGroupNumber="1" subStrokeCount="2" truthLevel="
labeled 7>
<labelDesc />
<subStrokeIDSeq>1 2</subStrokelDSeq>
</strokeGroup>
</akshara>
<akshara aksharaNumber="2" strokeGroupCount="1" truthLevel="labeled ">
<labelDesc>
<desc> I </desc>
<annotationDetails numberOfCodeChars="1">
<codeSequence>0A24 0A47</codeSequence>
</annotationDetails>
</labelDesc>
<strokeGroup strokeGroupNumber="1" subStrokeCount="2" truthLevel="
labeled 7>
<labelDesc />
<subStrokeIDSeq>3 4</subStrokeIDSeq>
</strokeGroup>
</akshara>

Figure 2.10: Sub-elements of akshara

38



Preprocessing

300 350 400 450 500 550
1507 T T T T T

200

250

300

Figure 2.11: Stroke drawn using raw points

the output stroke observed after normalization for input stroke in Figure 2.11.

Algorithm 2.1: Normalization and centring

10

11

12

13

14

Data: New window size X, x Y,
IanIt: (%’1, yl) ,(.1'2, y2)7 (xmaym)
/* raw x —y points of the stroke */

Result: (27, y1') (23, ¥3), - (25,.4m)
Find min,, min,, max,, max, for all trace points in the stroke ;

scale, = —3v -
maxz—ming

scale, = — Y.
MATy—Miny

scale=min(scale,, scale,);

forall7 =1 to m do

! = x; X scale ;

Yyl = y; X scale ;

Find minf, miny, maxy, mazy for all the new normalized (z7, y7), (23, ¥5), ...
(Ths Yim);

te = (Xy — m‘;ff“l) ;

by = (Y;) - %),

forall i =1 to m do

n __ n .
T =r iy,

Y =y +ty

return
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Figure 2.12: Size and shape after normalization

2.4.2 Removal of duplicate points

The speed at which writer applies stroke onto the Tablet surface affects the number of
points collected by the tablet device. At slower speed, more points are captured, whereas,
at higher speed lesser number of points are captured. At slower speed, duplicate points
are captured in the raw data, that needs to be removed from the training data required
for classification. Algorithm 2.2 has been brought to use to remove duplicate points. The

shape of the stroke after removal of duplicate points has been shown in Figure 2.13.

Algorithm 2.2: Removal of duplicate points
Input: (27, y7) (2%, ¥3), - (20,.um)

/* Normalized z —y points of the stroke */
Result: (¢, yi) (24, y3), ... (a:g,yg)
/* p<m */

copy the list of («7, y1') (2%, y3), ... (x7ym) to (zf, y) (=3, v9), ... (zdyd);
1 forall7 =1 to m do

2 forall ) =741 tom do

3 if 2} = 27 AND y;' = y; then
4 ‘ Delete (x4, y);
s return (21, y{) (25, ¥5), - (a3.9;)
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Figure 2.13: Stroke after removal of duplicate points

2.4.3 Smoothing

Another type of defect that occurs in online handwritten data is due to fast writing. In
this case, due to hardware imperfections, some points are missed while tracing the stroke
on the tablet surface. Smoothing has been performed on all the training and testing
data to remove such imperfections. Cubic Bezier interpolation technique has been imple-
mented to plot missing points as per Algorithm 2.3. A set of four consecutive points has
been passed to the function to interpolate missing points. Figure 2.14 shows the output
after smoothing.

Algorithm 2.3: Smoothing
Input: (z{, yf) (23, ¥3), - (2h.9p)
Result: (21, y1) ,(23, 43), - (2;.9;)
if p>4 then
forall i=1 to p — 3 do

| call Bezier((af, y?), (v81, v, (2, ylho), (2ds, yihs)
return (zf, y{) (3, ¥3), - (25.95) ;
1 Function Bezier ((z1, y1), (%2, y2), (73, y3), (T4, Y1)
2 u=0.2, du=0.2;
3 for u=0.2; u < 1.0; u = u + du do

=

N

w

I

4 Tour=1 X (1 —u)®+ 2o x3xux (1—u)?+r3x3xu?x(1—u)+mx4 xu?
5 Your=11 X (L —u)® + 1o x 3 xux (I —u)?+ys x3xu?x (1—u)+ys xu
6 return (Tout, Yout)

41



Chapter 2. Data Collection and Preprocessing

50

100 |

150

200

250

300

Figure 2.14: Stroke drawn after smoothing

2.4.4 Resampling

The last and important transformation applied on the raw data is the resampling. In
this process, the trace points that are generated after smoothing are used for resampling.
Points at equal distance in the list are extracted from the list of points generated after
smoothing as per Algorithm 2.4. These trace points are further used to extract the re-

quired features. Figure 2.15 shows the resampled points.

Algorithm 2.4: Resampling

Input: (21, y7) (23, ¥3), - (25,4p)
Result: (27, y7) ,(¢5, 95), - (254,Y64)
n = round(%) ;

2 for i=1 to 6/ do

=

3 for j=(i—1) xn to (i xn)—1do

4 x] = average of x — value of n points ;
5 y; = average of y — value of n points ;
6 return (*’Eq: y{) 7(x§7 yg)? ($E4,yg4)
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Figure 2.15: Resampled stroke points

2.5 Chapter summary

In this chapter, a description has been given of how writers have been selected from
various parts of Punjab and online handwritten data of these writers have been collected.
The chapter has also explained the XML specification for recording online handwritten
data. In the final section, the preprocessing transformations have been explained. These
transformations are used to prepare the data for its future usage in training and testing
of classifiers. A performance analysis of various zone-based features extracted from the

preprocessed data has been explained in next chapter.
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Chapter 3

Classification of Middle-zone strokes using

zone based features

In the previous chapter, an overview of data collection, writer selection, annotation of
data, and preprocessing steps applied for feature extraction and classification have been
explained. Among various classifiers, ANNs, HMMs, DTW and template matching tech-
niques have been experimented for pattern recognition. In this area, SVMs have also
invited attention of many researchers. In this chapter, we have experimented this clas-
sification tool for classifying the Middle-zone strokes of Gurmukhi script. The feature
extraction techniques considered in this chapter are zone-based techniques.

SVMs are supervised learning models used for data classification. In SVMs, training
vectors x; is mapped into higher dimensional space by function ¢. A maximum margin
linear separating hyperplane in this higher dimensional space is found using SVM. Given
a training set of instance-label pairs (x;, y;), i = 1,2, ...,] where x; € R" and y € {1, —1}},
the SVM requires the solution of the following optimizing problem:

min w U)‘f‘CZfz

w,b,&
(3.1)
subject to y;(w” ¢(x;) + b) > 1-&;,

§>0.

Here, C'(> 0) is the penalty parameter of the error term. Furthermore, K(z;,z;) =
d(z;)TP(x;) is called the kernel function (Boser et al., 1992; Cortes and Vapnik, 1995).

Four basic kernel functions given by them are:

o Linear : K(z;,z;) = 2]z,

o Polynomial : K(x;,z;) = (yalz; +7)%~v >0

« Radial Basis Function (RBF) : K(z;,z;) = exp(—7||; — z;]]*),7 > 0
o Sigmoid : K (x;,x;) = tanh(yazlx; +r)

Here, v, r, and d are kernel parameters. These kernels can be used to implement flexi-
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ble decision boundaries in high-dimensional feature spaces. SVMs have originally been
designed to solve binary classification problems. Several algorithms have been proposed
for extending binary SVMs to multi-class SVMs. One-Vs.-All (OVA) is the simplest and
one of the earliest extensions of SVM for multi-class problems. Anand et al. (2008) found
class-wise optimized features and decision probabilities for predicting protein structures
using SVM. SVMs have also been used by researchers for online handwritten script recog-
nition.

Bahlmann et al. (2002) presented a novel approach for the recognition of online hand-
written characters. They combine dynamic time warping (DTW) and support vector
machines (SVM) by integrating DTW into a Gaussian SVM kernel. In their experiment,
superior recognition rate in comparison to an HMM-based classifier for relatively small
training sets was obtained. Rajashekararadhya and Ranjan (2008) in his work on offline
handwritten numeral recognition for four Indic scripts, namely, Kannada, Malayalam,
Tamil and Telugu, proposed a zone-centroid and image-centroid based feature extraction
system. Bhowmik et al. (2009) explained a hierarchical classification scheme based on
SVMs for handwritten Bangla characters. Alaei et al. (2010) described a novel feature
extraction technique for Persian script. They found a good recognition rate of 96.7% us-
ing SVM-based classifier. Rampalli and Ramakrishnan (2011) reported an improvement
of 11.0% in recognition system for an online handwritten character recognition system
working in combination with offline recognition system for Kannada language. Motivated
by these works, we have explored the use of zone-based features for recognition of online
handwritten strokes in Gurmukhi script using SVM-based classifiers. Performance anal-
ysis of these SVM-based classifiers on Middle-zone strokes in Gurmukhi script has also
been presented in this chapter. Nasir and Uddin (2013) presented a system for recog-
nition of handwritten Bangla numerals using SVM. They applied k-means clustering to
extract features from the binarized numerals. Section 3.1 of this chapter describes the
stroke data used for training of classifiers. Section 3.2 introduces various features used
in this experiment and also explains how these features are extracted from the stroke
data. Classification results of various SVM classifiers have been produced in Section 3.3.
The kernel hyperparameters (v, C and €) have been found empirically for yielding the
highest recognition rate using SVM classifiers. There are certain algorithms defined in
literature that can be used for finding these hyperparameters optimally. Grid search,
Simulated annealing (SA), particle swarm optimization (PSO), and memetic algorithms
are certain examples of such algorithms being used by researchers in finding these hy-
perparameters optimally (Tang et al., 2005; Zhou et al., 2011). Section 3.4 presents an

analysis of performance of these classifiers and concludes with salient findings.
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Description of Experimental Data

3.1 Description of Experimental Data

In the data collection phase, samples of Gurmukhi characters from 30 different writers
have been taken. The data have further been annotated at the stroke level assigning
unique StrokelDs to each stroke. A total of 99 unique strokes have been identified from
this set of data as shown in Table 2.1 of previous chapter. Each stoke was assigned a
class according to the zone in which the stroke appears. A total of 12 stroke classes in
upper zone, 7 stroke classes in lower zone, and 80 stroke classes in middle zone have been
identified. In the current study, a minimum of 100 samples per class of the Middle-zone
strokes have been used for classification as shown in Table 3.1. A sample of 8200 strokes

has been used for the analysis.

Table 3.1: List of Middle-zone strokes used in the experiment

Stroke Shape o G = G | - - <

StrokelD 121 | 141 | 142 | 143 | 144 | 145 | 146

Stroke Shape

StrokelD 147 | 148 | 149 | 150 | 151 | 152 | 153

Stroke Shape K d d . L4 E

StrokelD 154 | 155 | 156 | 157 | 158 | 159 | 160

Stroke Shape

StrokelD 161 | 162 | 163 | 164 | 165 | 166 | 167

Stroke Shape R 2 Y Y & % ¢

StrokelD 168 | 169 | 170 | 171 | 172 | 173 | 174

Stroke Shape 7oA / g ¢ £ c

StrokeID 175 | 176 | 177 | 179 | 180 | 181 | 182

Stroke Shape © © $ s & g c

StrokelD 183 | 184 | 185 | 186 | 187 | 188 | 190
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Chapter 3. Classification of Middle-zone strokes using zone based features

Stroke Shape 3 © v 2 K 0 )

StrokeID 191 | 192 | 193 | 194 | 195 | 196 | 197

Stroke Shape

StrokelD 198 | 200 | 201 | 202 | 203 | 204 | 205

Stroke Shape ! & oo 7 v 3

StrokelD 206 | 207 | 208 | 209 | 210 | 211 | 212

Stroke Shape

StrokeID 214 | 215 | 216 | 217 | 218 | 222 | 223

Stroke Shape

StrokeID 224 | 225 | 226

3.2 Feature extraction

During the course of preprocessing, a series of transformations on the stroke traces cap-
tured between successive pen-down and pen-up have been performed as explained in
Section 2.4. The transformations help in removal of noise or distortions that may arise
due to hardware or software imperfections. At the start, normalization and centering of
the stroke is done, where the stroke vector is fitted into a window of 500 x 500 pixels.
After normalization, the image is binarized by defining the value at each pixel as shown

in (3.2).

, 0, If background color o
piz;; = 0 <14,7 <500 (3.2)
1, If foreground color

Following the work of Rajashekararadhya and Ranjan (2008), this 500 x 500 size window
has been used further for extracting different zone-based features. Each preprocessed

stroke has been divided into 50 x 50 sized 100 zones as shown in Figure 3.1 (a). A typical
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(a) Zone division of stroke

(b) Pixel information of zone Zay

Figure 3.1: Zone based features

zone, say Z,, is defined by (3.3).

Zpg =A{piz;j : 50 x p <i <50 x (p+1),50 x ¢ <j<50x (¢+1)},

(3.3)
V 0<p<90<q¢<9

Pixel values of Zyy zone are represented in Figure 3.1 (b) and have been used further for

extraction of zone-based features.

3.2.1 Normalized features

As defined in (3.2), each point in the stroke is represented as either 0 or 1. A Normalized

feature FY is defined using ratio of zonal sub-feature f,, and the total number of points

captured in 500 x 500 window. The zonal sub-feature f,, and Normalized feature Fég is

defined as per (3.4) and (3.5), respectively.

Jra

i<50%(p+1)

-3

1=50%p

N

qu:Z

7 <50%(g+1)
7=50%q
S V 0<p,g<9 3
500 x~500 - <Sp,q= (3.5)
i=0 2uj=0 PtTij

This gives a feature set of size 100 for each stroke. This feature set has been referred to

as Dy in further parts of this chapter.
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3.2.2 Diagonal features

In each zone, sum of pixels is calculated by moving along its diagonal. A total of 99
diagonals existed in each zone. Each diagonal contributes to a single sub-feature dj,
defined as (3.6).

1<imaz ] <jmaz

By= > D piny Vimn = 505 pyinae = 50 (p+ 1)

jmin =50 = Q7jmaz = 90 % (q + ]-) (36)
0<pg=<9

Average of these 99 sub-features has been calculated to form the feature D,, for each
zone using (3.7).
98
D _ szo dpq
pq 99

Each zone contributes one such feature, that gives a total of 100 features per stroke. This

(3.7)
feature set has been referred to as Dp in further parts of this chapter.

3.2.3 Directional features

Following the work done by Kumar et al. (2011) for offline handwritten Gurmukhi script,
the directional feature for each zone has been extracted using the starting point and
ending point in the zone. Starting point in the zone has been found by traversing the
zone from left to right and top to bottom, the first pixel (v;,vj) whose value is 1 and
ending point is the first pixel (vf,v$) whose value is found 1 while traversing the zone
right to left, bottom to top from using the Algorithm 3.1. The angle between starting
point and the ending point D,, has been calculated using (3.8). The value of this feature
for a zone where all pixels have a zero value, has been considered as zero. This feature

set containing 100 values for a stroke will be referred to as Dp; in further parts of the

D,, = tan"! (H) (3.8)
pq

J J

chapter.
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Algorithm 3.1: Algorithm for finding starting and ending point in zone

1 fori<2xp2x(p+1)—1do

2 for j < 2x%q,2%(¢+1)—1do
3 if piz;; = 1 then

4 U;; =1

s v = Ji

6 break;

7 end

8 end

9 fori«+ 2x(p+1)—1,2%xpdo

10 for j«2x(¢g+1)—1,2%xqgdo
11 if piz;; = 1 then

12 v;; = i.;

13 v =i

14 break;

15 end

16 end

3.2.4 Parabola based curve fitting features

To find the parabola based curve fitting features, each preprocessed stroke has again been
divided into 50 x 50 sized 100 zones. A parabola j = a,i* + byyi + ¢,y has been fitted
to Z,q, using least square method. The parameters a,,, by, and c,, uniquely defines the
parabola in Z,,, giving 3 features a,,, b,y and c¢,, for each zone and hence we get 300
features per stroke. This feature set has been referred to as Dp, in further parts of this

chapter.

3.2.5 Power curve based features

A power curve j = a,,i’ has been fitted to Z,, by using least square method. The
parameters a,,, by, uniquely define this curve in the zone, giving 2 features for each zone
and hence there were 200 such features per stroke. This feature set has been referred to

as Dp,, in further parts of the chapter.

3.3 Classification

As mentioned in Section 3.1, the strokes in Middle-zone have been considered for recogni-

tion process in this chapter. Based on frequency analysis, we have considered 80 strokes
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in this zone for classification. We have further considered, a minimum 100 samples of
each stroke to train the classifiers. We had a total of 8200 samples of these strokes for
training. The feature set consists of five different features as extracted as explained in
Section 3.2. Support vector machine with four kernels, namely, linear, polynomial, sig-
moid, and RBF has been used for the purpose of classification. For current research work,
LibSVM (Chang and Lin, 2011) tool has been used for measuring the performance of five
features on four kernels. While estimating the model parameters for these kernels, it was
considered important to scale the features in the same range. This has been done to
avoid dominance of large magnitude features over other small magnitude features, while
building the model. All the features have been scaled in the range of [1, 9] after exhaus-
tive experimentation. We have implemented two approaches for selecting the values of

kernel hyperparameters of SVM in order to achieve better performance.

3.3.1 Empirical search of kernel hyperparameters

In this approach, model hyperparameters have been found empirically. The parameters
that have empirically been experimented in this work are learning rate (), and tolerance
limit of termination (¢). We have also explored the k-fold cross validation strategy in
this chapter. Three values of k (=3, 4, and 5) have been considered in this work. Table
3.2 depicts the values of these parameters as considered in this work. C' is essentially
a regularization parameter, which controls the trade-off between achieving a low error
on the training data and minimizing the norm of the weights. In this experiment, the
value of C'is chosen as constant. All the experiments have been conducted using C-SVC
type SVM for multi-class classification. C-SVC is preferred over v-SVC, as v-SVM is
comparatively difficult to optimize and often the runtime is not scalable as compared to
C-SVM.

Table 3.2: Parameters for SVM

Parameters Values Considered

Kernel Linear, Polynomial, RBF and Sigmoid
Learning rate () 0.01 (0.01) 0.5

Tolerance limit of termination (¢) | 0.1 (0.1) 0.5

The results drawn from the experiments for all the training sets are shown in Figures 3.2-
3.6. In Figure 3.2, performance of Dy feature on four kernels given above has been shown.
For this feature set the highest recognition accuracy of 88.9% has been achieved when

5-fold cross-validation with polynomial kernel is used. Here, it is noted that polynomial
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kernel gives better recognition rate when compared to other kernels for the three values
of folds in k-fold cross-validation, whereas sigmoid kernel gives the lowest recognition rate

for the same set of parameters.

20

-~ —x e—e 3-fold

85 |-t
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F0 e\ e

Recognition Accuracy (%)
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T B BB

55 . . . L .
Linear Polynomial RBF Sigmoid
Kernels

Figure 3.2: Recognition rates using Dy feature set for various kernels and folds

The results based on experiment for Dp feature set shown in Figure 3.3 confirm that a
recognition rate of 92.1% has been achieved with this feature set when polynomial kernel
and H-fold cross-validation strategy is used. It is also established here that, sigmoid

kernel shows poor performance in comparison to other kernels for the folds examined in

this work.
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Figure 3.3: Recognition rates using Dp feature set for various kernels and folds
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The results based on the experiment for Dp,; feature set is shown in Figure 3.4. A
maximum recognition rate of 56.4% has only been achieved for this feature set with
linear kernel at 5-folds. It has been seen here that linear and polynomial kernels are

achieving similar recognition rates at different folds.

Recognition Accuracy (%)

0 L 1 I L L
Linear Polynomial RBF Sigmoid
Kernels

Figure 3.4: Recognition rates using Dp,; feature set for various kernels and folds

The results for feature sets Dp, and Dp, have been shown in Figures 3.5-3.6. The

recognition accuracies achieved using these two feature sets have been at 73.6% and

20.9%, respectively.

80
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Recognition Accuracy (%)
H
o
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Figure 3.5: Recognition rates using Dp, feature set for various kernels and folds
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Figure 3.6: Recognition rates using Dp,, feature set for various kernels and folds

3.3.2 Grid search of Kernel hyperparameters

In the previous subsection, recognition rates of five features on various kernels and folds
have been presented. The kernel hyperparameter, v has been varied for 50 different values
in range of [0.01, 0.5], whereas, the other parameter C' has been kept constant. It can be
analyzed from the evaluation discussed in the previous subsection that for some of the
features (Dy, Dp, and Dp,,), most of the recognition rate curves have shown the same
pattern, while in case of features, (Dp; and Dp,), there is a variation in recognition rate
pattern at RBF kernel. We have further investigated the reasons for this variation. In this
approach, experiments have been conducted to select optimum kernel hyperparameters by
applying grid-search. In these experiments, penalty parameter (C') has been varied along
with learning rate (v), whereas, tolerance limit of termination (€) has been kept constant.
The values of these parameters are shown in Table 3.3. Three values of k(=3, 4, and 5)

have again been considered here for exploring k-fold cross-validation strategy.

Table 3.3: SVM parameters

Parameter Options/Values Considered
Kernel Linear, Polynomial, RBF and Sigmoid
Learning rate (loga(7)) 3(-2) -15

Penalty Parameter (log,(C')) -5(2) 15

Tolerance limit of termination (e) | 0.001
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Grid search is a traditional method for performing hyperparameter optimization. It
is simply an exhaustive search through a manually specified subset of hyperparameter
space. The learning rate () and penalty parameter (C') are the two hyperparameters
through which model selection is performed. k-fold cross-validation is the performance
metric for evaluating the model. Table 3.4 shows the performance of five features on these
parameters. The Dp feature outperforms the other four features that have been used in
this experiment, with a maximum recognition rate of 93.1% using RBF kernel, showing
an improvement of 1.0% from the previous experiment. The improved recognition rate is
attributed to change in penalty parameter C'. The improved rate is achieved for kernel
hyperparameters (C' = 32 and v = 277). It is evident from the Table 3.4 that the grid
search approach for model selection has resulted in improvement of recognition rates for
all the five features. Table 3.5 shows the kernel hyperparameters of five features used
in this study. There are some more ways searching hyperparameters, such as, Bayesian
optimization, Gradient based optimization, Surrogate modelling etc., which has not been

explored in the current work and can be explored in future.

Table 3.4: Maximum accuracy achieved for feature sets using grid search for various
kernels and k-fold cross-validation

Recognition Accuracy (%)

Feature | Kernel k=3 | k=4 k=5
Linear 86.5 | 87.4 87.6
Polynomial | 87.8 | 88.7 88.7

Dy RBF 88.3 | 88.9 89.1
Sigmoid 86.5 | 87.6 87.6

Linear 914 | 91.8 92.0
Polynomial | 91.5 | 91.6 92.2

Dp RBF 92.4 | 92.6 93.1
Sigmoid 91.4 | 91.7 92.1

Linear 4.7 | 5.7 56.8
Polynomial | 51.4 | 52.5 52.9

Dp; RBF 56.8 | 58.0 58.6
Sigmoid 54.8 | 55.5 56.4

Linear 19.3 | 20.2 19.7
Polynomial | 19.3 | 20.8 20.7

Dp, RBF 19.7 | 20.2 20.4
Sigmoid 18.0 | 18.8 18.6

Linear 71.0 | 2.7 73.7
Polynomial | 71.7 | 72.9 74.8

Dpy, RBF 73.4 | 75.0 75.8
Sigmoid 70.9 | 72.5 73.8
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Table 3.5: Kernel hyperparameters C' and v yielding maximum accuracy for five features

Feature | Kernel log,(C) | logy(y) | Recognition Accuracy (%)
Dy RBF D -7 89.1
Dp RBF D -7 93.1
Dp; RBF 5 -9 58.6
Dp, RBF 7 -7 75.8
Dpy, Polynomial D -1 20.8

3.4 Chapter summary

In this chapter an analyses of the performance of various zone based features for classifica-
tion of strokes in Gurmukhi script has been presented. Five different zone-based features
have been extracted and tested. Four different kernels, namely, Linear, Polynomial, RBF
and Sigmoid for SVM training have been applied for the purpose of classification. Other
parameters such as k in k-fold cross-validation, learning rate (), tolerance limit (€), and
penalty parameter (C') have been experimented for classification of strokes. Dp feature
set yielded the highest recognition rate (93.1%) out of the five features considered in this
work. Linear and Polynomial kernels have shown approximately the same recognition
accuracy for all the five feature sets. It has also been observed that grid search model
selection is the better way for selecting kernel hyperparameters than the empirical search.
In the next chapter we have considered some more features for recognition of these strokes.
Chapter 4 also focuses on HMM-based classification for recognition of online handwritten

Gurmukhi characters.
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Chapter 4

Classifiers for Recognition of Strokes for On-

line Handwritten Characters in Gurmukhi Script

A Gurmukhi character can be written with a single stroke or a combination of some
strokes, considering a stroke as the smallest unit. The major problem in character recog-
nition of a Gurmukhi word is detection of the headline and the baseline. Appearance
of similar looking strokes in the three zones results in formation of different characters
which escalate the issue. This chapter focuses on creation of a single classifier for iden-
tification of strokes in the three zones. The solution has further been augmented with a
robust postprocessing mechanism to transform the set of strokes into Gurmukhi charac-
ters. This chapter has been divided into seven sections. Section 4.1 describes data for
Gurmukhi script that has been used for training and testing. Section 4.2 explains as to
how various features have been calculated and then organized for recognition of strokes
after applying various preprocessing steps on the collected data. Section 4.3 describes
two classifiers, namely support vector machine (SVM) and hidden Markov model (HMM)
that have been used for classification of strokes in this work. This section also explains
how the models are constructed from the training sets of various features as obtained in
Section 4.2. Section 4.4 summarizes the classification results of various feature-classifier
combinations tested in this chapter. A voting-based classifier using top three classifiers
has also been proposed and tested in Section 4.5. Section 4.6 describes the postprocessing
steps performed to generate Gurmukhi characters from the identified strokes. Section 4.7

elaborates the work done with the results and conclusions.

4.1 Description of data

Relevant to the previous chapter, the strokes have been identified and grouped as per
the zone in which they appear. The number of stoke classes considered were 99 in all,
including 12 stroke classes in Upper-zone, 80 stroke classes in Middle-zone and 7 stroke
classes in Lower-zone. In this chapter, a different approach for classification has been

tried where a single classifier is built with all the stroke classes, irrespective of their zone
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of appearance. In this process, similar looking strokes have been merged and a common
strokelD has been assigned to them irrespective of their zones. For example, 123 ()
and 131 () have been merged and assigned a common strokelD 123; 122 () and 132
() have been merged and assigned a common strokeID 122; 133 (" ) and 134 ( ° ) have
been merged and assigned a common strokelD 133. This process resulted in a total of
74 stroke classes, which have been used for training of classifiers in this work. For the
purpose of training of classifiers, the strokes that were written by writers as per their
correct script formation in an unconstrained environment were selected and annotated.
A total of 74 stroke classes, as mentioned above, have been identified. Table 4.1 contains
these strokes; the strokelDs associated with them; and the number of samples of these
strokes used for training.

The developed online Gurmukhi character recognition system has been tested on the
data collected from 10 new users. These users wrote each Gurmukhi consonant five
times, giving a set of 1750 Gurmukhi characters. This data set is referred as testdata in

this chapter.

4.1.1 Steps involved in recognition of characters

This section gives a brief description of the steps involved in recognition of Gurmukhi

characters.

o Stroke capturing: As the first step, we capture the z-y traces of each stroke

written by the writers.

« Preprocessing: After capturing a stroke, the x-y traces are preprocessed for ex-
traction of features in the next step. During preprocessing, noise or distortion which
arises due to software limitations, is removed from original stroke. Normalization
and centering of the stroke, where the input stroke is fitted into a fixed size win-
dow, and is moved to the central location, is then performed. During the course of
writing a stroke, some points may be missed by the touch sensor. These missing
points are interpolated using Bezier interpolation technique. Jitters are removed
from the stroke by averaging each point with its neighbors. After performing the
preprocessing steps, we obtain 64 preprocessed z-y traces of the stroke in three
different sized windows, i.e., 200 x 200, 300 x 300, and 400 x 400, to investigate the

effect of windows size on the performance of stroke recognition.

o Feature extraction: Features required for classification of a stroke as per the
model chosen are extracted from 64 preprocessed z-y traces, which are used for

recognition of stroke. The features used in this work are elucidated in Section 4.2.
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Table 4.1: Gurmukhi strokes used for classification

— N N G — 0 @ 6

Stroke | =

StrokeID | 106 | 121 | 122 | 123 | 124 | 126 | 128 | 133 | 141

Sample count | 86 | 125 | 138 | 137 | 90 | 92| 97| 124 | 124

Stroke

StrokelD | 144 | 145 | 146 | 148 | 149 | 150 | 151 | 152 | 153

Sample count | 138 | 131 | 128 | 131 | 124 | 134 | 130 | 132 | 136

Stroke i J d % 4 E ¢ ! d

StrokelD | 154 | 155 | 156 | 158 | 159 | 160 | 161 | 162 | 164

Sample count | 115 | 118 | 107 | 126 | 141 | 133 | 94 | 130 | 107

Stroke d | Y w & o) Y El 6 5

StrokelD | 165 | 166 | 167 | 168 | 169 | 170 | 171 | 172 | 173

Sample count | 120 | 130 | 130 | 122 | 138 | 108 | 124 | 128 | 116

Stroke | 7 { / 2 2 £ ¢ ©

StrokelD | 174 | 175 | 176 | 177 | 179 | 180 | 181 | 182 | 183

Sample count | 127 | 125 | 135 | 134 | 123 | 135 | 134 | 129 | 131

Stroke S S 2 & C 3 v 2 q

StrokeID | 184 | 185 | 187 | 188 | 190 | 191 | 193 | 194 | 195

Sample count | 125 | 108 | 138 | 132 | 123 | 115 | 106 | 121 | 136

Stroke ) ) N G G & 9 3 &

StrokelD | 196 | 197 | 198 | 200 | 201 | 202 | 203 | 205 | 207

Sample count | 135 | 102 | 121 | 135 | 133 | 108 | 135 | 129 | 121

Stroke E o 7 3 [ ! 7 T o

StrokelD | 208 | 209 | 210 | 212 | 215 | 216 | 222 | 223 | 224

Sample count | 130 | 135 | 125 | 125 | 130 | 136 | 135 | 134 | 100

Stroke ¢ v

StrokelD | 225 | 226

Sample count | 100 | 99
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o Classification: SVM- and HMM-based classifiers have been used for classification
of strokes. The results for recognition of strokes using radial basis function kernel
in SVM; and HMM for different feature sets are presented in Section 4.3.

» Postprocessing: Zone identification is other important step in character forma-
tion, as certain strokes based on their appearance in different zones produce different
characters. Zone of a stroke is identified, based on its relative position compared
to other strokes. Certain other postprocessing steps like, rearrangement of strokes,
stroke grouping/merging are applied on these recognized strokes to form the char-

acters.

4.2 Feature extraction

In this work, the number of training patterns for a given stroke has been made variable
as mentioned in Table 4.1. Minimum number of samples taken for a stroke is 86 and
maximum number is 141. The minimum number corresponds with the strokeID 106 and
the maximum number is related to the strokelD 159. This variation in number of patterns
is attributed to the frequency of strokelD in the training samples. Five different features
namely, Normalized z-y traces (NN,,), Region based features (R,,), Curvature features
(Cay), Curvature feature based classes (Cp,), and Directional features (D,,) have been
considered for classification models. This section now explains briefly, how these features

have been extracted from the preprocessed z-y traces.

4.2.1 Normalized z-y traces (N,,)

The 64 preprocessed traces are considered as the first feature set. This feature set contains

128 elements for a given stroke sample and is referred to as N,, feature set.

4.2.2 Region based features (R,,)

As explained in Section 2.4, each stroke has been normalized to windows of size 200 x 200,
300 x 300 and 400 x 400. The windows have further been divided into 100 small equi-sized
sub-windows, labeled as wy, ws, ..., wige. Each point in 64 preprocessed traces will lie
in one of these 100 sub-windows. The window number where the point lies is taken as
a feature value. As such, this feature set will have 64 elements and is referred as R,

feature set.
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4.2.3 Curvature features (ny)

Curvature is defined as the degree to which something is curved. The 64 normalized x-y
traces have been used to calculate curvature at each point. The curvature at a point
(x,y) for the curve y = f(z) is given by (4.1) Kline (2013).

(4.1)

The curvature at a point is calculated using three adjacent points. Since we need at least

d2y
dz2”

62 from preprocessed z-y traces. The features thus obtained are referred as C,,,.

three points to calculate second order derivative we shall get a feature vector of size

4.2.4 Curvature feature-based classes (C’g]jvy

The values of curvature, Cy,, lie in the range (0, co). These values have further been
divided into 20 discrete classes based on uniform frequency of curvature values and these
classes have been assigned a code. Table 4.2 illustrates the coding pattern of these
discrete classes along with range of curvature values. This feature set contains 62 such

values representing the class in which the curvature value appears and is referred as
N
Cry-

Table 4.2: Coding of curvature features in C’fc\l[/

Range of Class | Range of Class
Curvature code | Curvature code
(0-7.497] 1 (162.750-212.801] 11
(7.497-15.257] 2 (212.801-289.494] 12
(15.257-23.442] 3 (289.494-420.068] 13
(23.442-33.532] 4 (420.068-646.050] 14
(33.532-44.610] 5 (646.050-1103.272] 15
(44.610-58.231] 6 (1103.272-2201.842] 16
(58.231-75.771] 7 (2201.842-9049.293] 17
(75.771-96.462] 8 (9049.293-2072473.000] 18
(96.462-124.900] 9 (2072473.000-202294064.000] 19
(124.900-162.750] 10 (202294064.000-00) 20
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4.2.5 Directional features (D,,)

To calculate directional features, 64 preprocessed z-y traces (P, P,, ..., Pss) on the
trajectory of a stroke as shown in Figure 4.1 have been used. The angle between two
points P; and P9, ¢ = 1,2,...,62 is calculated and coded using a quantized vector
consisting of 12 different values as illustrated in Table 4.3. This feature is referred as
Dy,

00 50 100 150 200 250 300

: o®
® : : : : ‘
° ° e ° o

[ ] ® : ® : L ]
Y : : : ® : ®

e s f ®e
o ® o0 | ®
L ® . . ® e . e
. : o | : ° o
e L : : : L ]
300

Figure 4.1: Sequence of 64 preprocessed x-y traces

4.3 Classification models

The features extracted from the strokes have now been used to build classifiers for recog-
nition of the strokes. In this section, we explain two different classifiers experimented for
classification of strokes. There are 9129 samples that have been used to train the recog-

nition engine. The two classification approaches are given in following subsections.
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Table 4.3: Coding of directional features D,

Code Angle Coding
range chart
0° <0 <30°
30° < 6 <60°
60° < 6 < 90°
90° < 6 < 120°
120° < 6 < 150°
150° < 6 < 180°
180° < 6 < 210°
210° < 6 < 240°
240° < 6 < 270°
10 | 270° < 6 < 300°
11 ] 300° < 6 <330°
12| 330° < 0 < 360°

O 0| | O T b= | W DN

4.3.1 Support Vector Machine (SVM)

SVM with four different kernels has been experimented in previous chapter for recognition
of Middle-zone strokes. It has been observed that SVM with RBF kernel achieved the
highest recognition accuracy. As such, SVM with Radial Basis Function (RBF) kernel has
been experimented in this chapter. The other parameters of SVM that have empirically
been optimized in this work are learning rate () and penalty parameter (C'). Three
preprocessed data sets having window sizes 200 x 200, 300 x 300, and 400 x 400 have also
been used to obtain feature sets. Five different features, as explained in Section 4.2, have
been calculated from these preprocessed data sets. The 15 data sets were experimented
for classification using k-fold cross validation for three different values of k£ as mentioned
in Table 4.4. Table 4.4 also contains the values of other parameters used for training
SVM-based classifiers. As such, 45 different combinations have been tested by using

these parameters. It is well established that scaling of inputs considerably affects the

Table 4.4: SVM parameters

Parameter Options/Values Consid-
ered

Number of folds (k) 3,4,5

Kernel RBF

Learning rate (y = 2™) m varies from 3 (—2) —15

Penalty Parameter (C' = 2!) | [ varies from —5 (2) 15

Tolerance limit of termina- | 0.001

tion (€)
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performance of SVM. Experiments have also been conducted to find an efficient range
for scaling the input parameters that yields better accuracy. These experiments suggest
to fix the scale of interval as [1, 9] as highest accuracy was achieved for this scaling. The
results in terms of accuracy obtained using five features with selected SVM parameters
are illustrated in Table 4.5. Table 4.5 also gives the accuracy of the model on data
consisting of 920 stroke samples. These 920 samples have not been used for training of
SVM classifiers.

4.3.2 Hidden Markov Model (HMM)

The features, namely, R,,, C’xji, and D,, as explained in Section 4.2 have been used to
build HMM model A = (7, A, B) for each stroke as proposed by Rabiner and Juang (1986).
The other two features, N,,, and C,, have not been used for building HMM models
due to their large observation space. In N, feature set, the number of observations
equals the dimension of window size used (i.e., 200 in case of 200 x 200), whereas, in
case of Cy, feature set, number of observations can not be fixed as the feature is a
floating point value. The parameters w, A, and B for each strokelD have been calculated
for the feature sets. For R,, feature set, the observation set is O = {1,2,...,100} and
the set of states is S = {1,2,...,64}. For training HMM model for CJ features, the
observation set is O = {1,2,...,20}, and the set of states is S = {1,2,...,62}. For
building HMM model with D,,, the observation set is O = {1,2,...,12}, and the set of
states is S = {1,2,...,62}. Algorithm 4.1 has been used to create HMM models from the
three feature sets. Algorithm 4.2 has now been used to test a sample for its matching
strokelD.

Algorithm 4.1: Algorithm for modelling HMM A = (7, A, B)

1 S is the set of states {1,2,..., N} based on feature set of size N;

2 O is the set of observations {1,2,..., M} ;

3 m is initial probability matrix of dimension 1 x M, where m; = expected number
of times observation ¢ appears in state 1 for a stroke Vi € O ;

4 A is transition probability matrix. This is defined as [a;;]ax ., Where a;; =
(number of times j* observation succeeds it observation) / (number of times i is
observed) V i, j € O;

5 B = [by,|mxn is state observation matrix, where b,, = (number of times p is
observed at state ¢) / (number of times observation p appears for all strokes at
state ) Vp e O,q€ S ;

In this work, 27 different combinations of HMM (3 feature sets, 3 window sizes, and

3 values of k in k-fold cross-validation) have been tested. The results obtained from
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Algorithm 4.2: Algorithm for recognition of stroke using HMM A = ( w, A, B)

1 N is the total number of stroke classes in HMM;
2 M is the total number of states in HMM,;
3 m; is initial probability matrix for stroke class i ;

4 A; is transition probability matrix for stroke class 7 ;
5 B; is the state observation matrix for each stroke class i;
6 Pro:=0,1=1;

7 repeat

8 P=m j5=1;

9 repeat

10 P =P x A; x By;

11 if P > P,,.. then

12 P = P;

13 RS =1

14 J=J+1

15 until j < M;

16 1=1+4+1;

17 until : < N;

these HMM models are presented in Table 4.5. Table 4.5 also shows the accuracy of
these models on unseen data of 920 stroke samples, which were not used for training the

models.

4.4 Summary of stroke classification results

In this work, two classification models, namely, SVM and HMM have been experimented.
Five different features have been experimented with these classification models, resulting
into eight feature-classifier combinations. Each of these combinations has been tested
for three different window sizes, i.e., 200 x 200, 300 x 300, and 400 x 400. As shown
in Table 4.5, feature-classifier combinations in 300 x 300 window size are performing
better than feature-classifier combinations in other two window sizes. In six of the eight
feature-classifier combinations, the models have resulted in a performance of more than
82.3%. The features Cy, and C)) have a low performance (less than 39.7%) for SVM-
based classifier. The N, feature yields the highest stroke recognition accuracy of 96.5%
among SVM-based classifiers. In HMM-based classifiers, features R,, and C’i\; achieved
stroke recognition rates of 95.5% and 95.0%, respectively. Direction feature D,, yields
the stroke recognition accuracy of 85.3% and 90.4%, respectively, when used with SVM
and HMM classifiers. It has also been observed that a very large training set is required

to train an HMM model having features of large observation set in order to minimize
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sparsity in transition and observational probability matrices of HMM. The two features
N,y and C, could not be used in training owing to data set used in this work. The three
best feature-classifier combinations obtained from these experiments are C’QL—HMM, Roy-
HMM, and N,,-SVM with stroke recognition accuracies of 95.0%, 95.5% and 96.5%,

respectively, for window size of 300 x 300.

Table 4.5: Stroke level classification accuracy achieved using SVM- and HMM-based
classifiers

Accuracy Accuracy
(in %) Accuracy (in %) Accuracy|
Window Feature with SVM (in %) | _with HMM | (in %)
Size Number of |, 1ot Number of |, 1ot
folds (k) data folds (k) data
3 4 5 3 4 5
Ngy 94.9] 95.1] 95.2 95.1 — | — | — —
Cay 33.0( 33.0| 33.0 33.0 — | — | — —
200 x 200| D,, 83.9| 84.0| 84.1|  84.0 88.6] 89.0| 90.6|  89.8
Cé\; 38.3( 39.5| 39.7 34.4 94.8| 95.1| 95.5 94.6
R,y 88.6| 89.3| 89.4 89.1 71.1| 81.9| 93.3 92.3
Ny 95.3| 96.1| 97.5 96.5 — | — | — —
Cay 37.3| 37.9| 384 35.6 — | — | — —
300 x 300( Dy, 86.4| 87.3| 88.6 85.3 89.4| 91.3| 92.6 90.4
C’fs\; 38.0( 38.3| 38.5 36.9 94.4| 95.1| 96.3 95.0
Ry 79.0| 79.3| 79.7 76.9 70.3] 82.5]| 95.6 95.5
Ny 92.31 92.4| 92.4| 924 — | — | — —
Cay 33.6( 33.6| 33.7 33.6 — | — | — —
400 x 400( Dy, 82.3| 82.3| 82.4 82.3 87.3| 88.4| 89.9 89.4
ch 37.8/ 37.9| 38.1| 374 93.3| 94.3| 95.4| 949
R,y 67.1| 67.7] 68.2 66.3 74.4] 82.4| 93.5 93.0

4.5 Voting-based classifier

Many researchers have tried improving the recognition rates using ensemble of classifiers.
Lu et al. (2006) proposed a novel ensemble-based approach to boost performance of tra-
ditional Linear Discriminant Analysis (LDA)-based methods used in face recognition. Ye
et al. (2013) used K-nearest neighbor based bagging technique to improve the classifica-

tion accuracy. We have also tried to boost the classification accuracy of the system by
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using these techniques. The three best feature-classifier combinations that resulted from
the experiments illustrated in Section 4.3 were further used to implement the character
recognition system. A voting-based classifier using these three classifiers has also been
tested. After recognition of strokes using a classifier, the strokelDs are processed further

to generate characters of Gurmukhi script in the postprocessing phase.

4.6 Postprocessing and character generation

Middle-zone of Gurmukhi script is the busiest zone, hence most of the stroke classes
selected for recognition in Table 4.1 are the Middle-zone strokes. Some stokes with
similar shapes appear in different zones as illustrated in Table 4.6. Based on appearance
of these strokes in different zones, different characters have been formed. Two zone
detection algorithms have been proposed in next chapter. First algorithm as proposed
in the chapter has been used to detect the position of strokes, relative to Middle-zone
stroke. The zonal information along with strokelD is passed to the character recognition
process. The scheme proposed by Kumar and Sharma (2013) has been used to recognize

Gurmukhi script characters.

Table 4.6: Combination of strokes with similar shapes appearing in different zones and
forming different characters

Stroke shape, StrokelD (Upper-zone = U;
o . Character
Combination Middle-zone = M; Lower-zone = L )
formed
1 2 3
1 4,159 (M) Yy
2 4159 (M) | —, 121 (M) / 126 (M) Y
3 4160 (M) S)
4 H 160 (M) —, 121 (U) g
5 4159 (M) |, 121 (M) /126 (M) |, 121 (U) g
6 4,159 (M) —, 121 (U) g
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7 4,159 (M) | —, 121 (L) 126 (L) Y
8 4,159 (M) ~, 126 (U) 1
9 224 (M) 225 (M) 3
10 7,224 (U) ¢, 225(M) ), 197(M) k)
11 ©, 149 (M) <, 225(M) g
12 ©, 149 (M) ¢, 225(M) T
13 L 161 (M) ", 162(M) Y
14 L, 161 (M) ", 162(M) i
15 152 (M) ~, 121(U) "
16 152 (M) —, 121(U) H

Four character recognition systems developed using three best feature-classifier combina-
tions and the voting-based classifier have been tested on testdata. The results obtained
for this data set are mentioned in Table 4.7. The proposed systems achieved an aver-
age accuracy of 83.5% for Gurmukhi character d, and an average accuracy of 88.0% for
character d. The reason behind such a low accuracy achieved in recognition of these
characters is due to confusion of strokes having strokeID 164 ( ¢ ), 165 ( ¢ ) with strokelD
155 (9 ) and 156 ( ¢ ), respectively. Due to misclassification of these strokes, the resultant
character is different from the ground originality. The system achieved 88.0% accuracy
for character ¥. The reason behind this low recognition rate is due to the stroke combi-
nations, as mentioned in Table 4.6. Misidentification of zone of stroke is another common
reason for low recognition rate of certain characters, namely, ¥, U, and 8. The system
achieved an average recognition accuracy of 100.0% for the characters @, M d4H 2,5,
3,%,3, <, 6, W, B < and 3. The average character recognition time in milliseconds

(ms) are also reflected in Table 4.7. The recognition time is calculated as the time taken
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by character recognition system from time of submission of strokes to the final character

generated on screen. It is evident that HMM-based classifiers are faster than SVM-based

classifiers.

It is also evident from Table 4.7 that voting-based classifier, as expected,

performs better than other classifiers with an overall character recognition accuracy of

96.7%.

Table 4.7: Character level recognition accuracies achieved in different models
Gurmukhi Recognition accuracy (in %) Confusing
Character Ney-SVM | R.,-HMM | C7)-HMM | Voting-based Characters

model model model model
154 100.0 100.0 100.0 100.0
o 100.0 100.0 100.0 100.0
S 90.0 90.0 90.0 90.0 <
H 90.0 92.0 92.0 90.0 H
J 90.0 86.0 92.0 94.0 d
ES 100.0 100.0 100.0 100.0
Y 94.0 98.0 96.0 98.0 g
a1 84.0 80.0 82.0 88.0 gr,dr
gl 92.0 94.0 98.0 92.0 yr
5 98.0 100.0 100.0 100.0
d 98.0 100.0 100.0 100.0
8 98.0 96.0 98.0 100.0
Gl 100.0 100.0 100.0 100.0
E} 94.0 94.0 96.0 92.0 d
g 94.0 94.0 96.0 92.0 T
< 100.0 100.0 100.0 100.0
) 100.0 100.0 100.0 100.0
3 100.0 100.0 100.0 100.0
< 100.0 100.0 100.0 100.0
< 90.0 90.0 90.0 88.0 S
3 100.0 100.0 100.0 100.0
g 90.0 82.0 94.0 86.0 gty
< 100.0 100.0 100.0 100.0
g 92.0 92.0 86.0 98.0 uy
) 100.0 100.0 100.0 100.0
) 92.0 92.0 96.0 100.0 g,cr
S 98.0 98.0 98.0 98.0 Z
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in Gurmukhi Script

g 96.0 96.0 96.0 96.0 <
g 96.0 96.0 96.0 96.0 3
H 94.0 94.0 94.0 94.0 H
o 100.0 100.0 100.0 100.0
d 88.0 86.0 84.0 94.0 J
3] 100.0 100.0 100.0 100.0
< 100.0 100.0 100.0 100.0
3 100.0 100.0 100.0 100.0
Average
recognition 95.9 95.7 96.4 96.7
A\fgr!saege
recognition 77.3 56.2 55.6 78.5
time (ms)
Table 4.8: Comparison of results with earlier approaches
Authors Stroke | Features Classification Character level
classes | used technique accuracy (%)
Sharma et al. (2008) | 40 x-y traces Elastic Matching | 87.4
Sharma et al. (2010) | 40 Direction Codes | HMMs 91.9
Current work 74 Nay, Coyy Day, SVMs, HMMs 96.7
Ry, CF

4.7 Chapter summary

Implementation of the three models for recognition of online handwritten Gurmukhi

characters is explained in the foregoing sections and subsections. These three models are
based on SVM and HMM classifiers. A voting-based classification model which is based

on above mentioned three models has also been implemented. We have also experimented

with five different features in this study. The writing styles of Gurmukhi script users give

rise to different shapes of strokes and by using them these characters are formed. We

have carried out a brief study on the issues that are prominent in dealing with formation

of confusing characters.

In an earlier study on online Gurmukhi script recognition, an accuracy of 87.4% was
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achieved using by elastic matching technique by Sharma (2009). He had experimented
with HMMs using 130 samples of each Gurmukhi character and achieved a recognition
rate of 91.9%. The HMM model was built on direction code based feature as explained in
Section 4.2. The features used by him had 8 different values of direction, whereas in the
current work, we have used 12 different directions. As described in Chapter 3, zone-based
features for online Gurmukhi script achieved a recognition rate of 92.1% for normalized
diagonal zone-based features. In this work, a higher recognition accuracy of 96.7% for
Gurmukhi script character recognition has been achieved using a voting-based classifier.
As expected, the average recognition time taken by voting-based classifier is more than
other three classifiers. These studies are summarized in Table 5.16.

The next chapter discusses other approaches for online handwriting recognition of Gur-
mukhi characters. In these approaches, the stroke classifiers based on strokes in three

zones have been trained using SVM- and HMM-based classifiers.
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Chapter 5

Recognition of Online Handwritten Gurmukhi
Characters using Efficient Writing-zone Iden-

tification Techniques

5.1 Introduction

In the previous chapter, various classifiers for recognition of strokes in Gurmukhi script
have been enlightened. The strokes selected for training the classifiers in that chapter have
been from all the three writing-zones defined in Chapter 1. Some of these strokes can be
written in two or more writing-zones. Hence, identification of writing-zone of these strokes
become essential for predicting a character in online handwritten recognition system for
Gurmukhi script. Writing-zone identification plays an important role in developing an
online handwritten recognition system for Gurmukhi script. Some of the issues concerning

writing-zone are:

(i) Gurmukhi characters are written in various styles that increase the difficulty in
recognition of a particular character. Gurmukhi script characters may lie in three
horizontal zones, namely, Upper-zone, Middle-zone and Lower-zone as depicted in
Figure 1.4. The Upper-zone denotes the region above the headline, where some of
the vowels (:3, ¢, ©¥) and sub-parts of some other vowels (fiz, 1) are written,
while the Middle-zone represents the area below the headline where the consonants
and sub-parts of some vowels (fiiﬁi:-, -iﬁii-cf) are present. Middle-zone consists of most
of the Gurmukhi characters. The Lower-zone represents the area below Middle-
zone where some vowels and certain half characters lie at the feet of consonants.
A Gurmukhi character can be written using a single stroke or a combination of
strokes, with stroke considered as the smallest unit. These strokes may appear in
a single zone, or in more than one zone. In this chapter, stroke classes have also
been divided into three zones, namely, Upper-zone strokes, Middle-zone strokes and
Lower-zone strokes, to avoid confusion among similar looking strokes in the three

zones.

75



Chapter 5. Recognition of Online Handwritten Gurmukhi Characters using Efficient
Writing-zone Identification Techniques

(ii) Different users write characters with different choices of strokes and their sequences.
For example, in order to write the character 3, several combinations of strokes can
be used as illustrated in Table 5.1, where each stroke is written without knowing
the zone boundaries. Since all the strokes have been grouped according to the zone
in which they appear, it is difficult to figure out zone boundaries by looking at the
stroke. The sequence of strokes may also vary for writing a character leading to
confusion at postprocessing level as illustrated in Table 5.2 for character ¥. While
writing in Gurmukhi, the writer adds an upper bar on characters to end the word.
A writer has also to add a middle bar in some characters that is similar in shape
to the upper bar. Presence or absence of upper and middle bars with other strokes
generates a different character in Gurmukhi. Some example combinations are shown

in Table 5.3.

Table 5.1: Stroke combinations used to write 3

o Stroke(s); zone

Combination
1 2 3
1 { ; Middle-zone
2 { ; Middle-zone - ; Upper-zone
Y oar ol

3 ; Middle-zone ; Middle-zone
4 4 ; Middle-zone . ; Middle-zone o ; Upper-zone

(iii) In addition to the problems mentioned above, another challenge is to handle strokes
in Lower-zone that are half characters like £ in f—g(ﬁl" and i}

. hnY
$in ¥&. In such cases,

it sometimes becomes difficult to draw zone boundaries between Middle-zone and
Lower-zone, leading to difficulties in recognition of these half characters. These half

characters may then come in conflict with other characters like ¥, &, T, &.
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Table 5.2: Sequence of strokes leading to character &

3 No. Stroke sequence Outcome
1 2 3
1 &1 |
2 & 372 (confused with ¥)
3 T g
4 & - g

Table 5.3: Characters formed with upper bar and middle bar

Stroke sequence
S. No. Outcome
1 2 3
1 4 y
2 E g
3 a4 - Y
4 q | g
5 L U
6 A0 g
7 Y| g
8 ¢ o T
9 B o Y
0 | ° - g

77



Chapter 5. Recognition of Online Handwritten Gurmukhi Characters using Efficient
Writing-zone Identification Techniques

This chapter presents two different approaches for online handwritten Gurmukhi char-
acter recognition system, where two algorithms for writing-zone identification have been
proposed. In one of the approaches as explained in Section 5.2, writing-zone of the stroke
is identified and the stroke is passed to respective classifier for recognition. In this ap-
proach, 7 stroke classes in Upper-zone, 80 stroke classes in Middle-zone, and 12 stroke
classes in Lower-zone have been considered. We have also implemented the postpro-
cessing requirements of conversion of strokes into characters of Gurmukhi script. In the
other approach, a single classifier for strokes of all the three writing-zones has been im-
plemented. In this approach, the prediction of classifier and the writing-zone as identified
by proposed algorithm are used in postprocessing to form the Gurmukhi character. This

system has been explained in Section 5.3.

5.2 Experiment I: SVM-based classifiers for Upper-

zone, Middle-zone, and Lower-zone strokes

In this approach, an online handwritten character recognition system for Gurmukhi script
using SVM-based classifiers have been experimented. Here, three different SVM classifiers
were created for each of the three writing-zones, namely, Upper-Zone, Middle-Zone and
Lower-zone. An algorithm has been implemented in this approach that identifies the
writing-zone of the stroke. Based on the writing-zone, the stroke is identified by using

the classifier for respective zone.

5.2.1 Description of data

As explained in Chapter 2, there are 99 stoke classes that have a higher frequency of
occurrence and these have been used further in this experiment. Tables 5.4, 5.5, and 5.6
contain the strokes and the strokelDs associated with them in Upper-zone, Middle-zone,

and Lower-zone, respectively.
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Table 5.4: Upper-zone strokes and their associated strokelDs

stroke

N

3 o

strokelD

122

123

124

125

126

127

128

stroke

strokelD

130

131

132

133

134

Table 5.5: Middle-zone strokes and their associated strokelDs

strokes

stroke

G

G

G

c

strokelD

121

141

142

143

144

145

146

147

148

149

stroke

strokelD

150

151

152

153

154

155

156

157

158

159

stroke

strokeID

160

161

162

163

164

165

166

167

168

169

stroke

strokelD

170

171

172

173

174

175

176

177

179

180

stroke

strokelD

181

182

183

184

185

186

187

188

190

191

stroke

strokelD

192

193

194

195

196

197

198

200

201

202

stroke

strokelD

203

204

205

206

207

208

209

210

211

212

stroke

strokelD

214

215

216

217

218

222

223

224

225

226
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Table 5.6: Lower-zone strokes and their associated strokelDs

stroke — : D o ¢ = ~

strokeID | 101 | 102 | 103 | 104 | 105 | 106 | 107

For developing the recognition model for classification of strokes, 100 samples of each
stroke from the three zones have been selected from the database. The strokes are se-
lected in equal proportion from all the users, so as to reflect all patterns for a single
stroke. During preprocessing, a series of transformations have been performed on the
stroke points. These transformations are: normalization, centering, interpolation and
smoothing as explained in Chapter 2. After performing the preprocessing steps, we ob-
tained a 300 x 300 window containing resampled 64 x-y points. These resampled 64 points
are normalized features that have been considered for building SVM-based classification

models.

5.2.2 Zone identification

Identification of the zone of a stroke is an important process in the recognition model used
in this chapter. Identification of the zone is critical for further classifying the strokes.
An algorithm MarkStrokeZone has been implemented that identifies the writing-zone
of a given stroke. The original z-y points of each stroke are utilized in this algorithm to
identify the boundaries of Middle-zone: MidY,,;, and MidY,,... We have considered top
left corner of data capturing device as the origin in this experiment. As such, MidY,,;, is
upper and MidY ., is lower boundary of Middle-zone. Center is average of MidY,,;, and
MidY, .. denoting the middle value of y-coordinate in Middle-zone. These boundaries,
once created are used to mark the zone of the stroke. As per statistics collected from the
database, first stroke mostly occurs in Middle-zone, so in the proposed algorithm it has
been assumed that the first stroke is always written in Middle-zone. After identifying
the Middle-zone boundaries of the stroke, zone identification is done for next sequence
of strokes. Here, StrokeY,,;, is the smallest y-coordinate and StrokeY,, . is the largest
y-coordinate of new stroke. These boundaries are depicted in Figure 5.1(a). Center,, is
the average y-coordinate value of new stroke and it denotes the center of new stroke. If
StrokeY ,q. of new stroke is less than MidY,,;,+h (a pre-defined tolerance level calculated
based on statistics of collected data), then stroke is considered to lie in Upper-zone. One
of the case is shown in Figure 5.1(b).Similarly, if new stroke’s StrokeY,,;, is greater

than Middle-zone’s M1idY,,.. — h, then the stroke is considered to lie in Lower-zone as
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shown in Figure 5.1(c). If the StrokeY,,;, of the new stroke is greater than Center and
StrokeY .. is less than MidY,,.. + h, then the stroke is considered to be in Lower-zone.
For all other cases, the new stroke is considered to lie in Middle-zone. Now, the strokes
are sent to respective recognition engines for identification based on their zone. All the

cases described above are illustrated in Figure 5.1.

Second Stroke
—

StrokeY i, n
Ithh MidY,

_;})—Ithh MidY i )
=N N

*; IZh MidY g, // IZh MidY g,
T /
StrokeY ,qx First Stroke
(a)

h .
* th MidY pin

(b)
/)
) )

tihh MidY

VA . .
v i(\ Izn MidY gy ~ : IZh MidY gy
First Stroke Second Stroke Second Stroke First Stroke
(c) (d)
Second Stroke

\
by, 3 th gy
e ———————— MidY pin + th MidY pin
) )

+12h MideM *Izh MideM

\ \
First Stroke First Stroke

Second Stroke

(e) (f)

Figure 5.1: Zone identification: (a) initialization of Middle-zone boundaries, (b) identi-
fication of Lower-zone stroke, (c) identification of Upper-zone stroke, (d) identification
of Middle-zone stroke, (e) case for paireen alphabets, and (f) special case for handling
upper bar
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Algorithm 5.1: MarkStrokeZone algorithm

® N O ok W N

10

11
12

13
14
15

16
17

18
19
20
21

Data: MidY,,;,, MidY,,,, .Center
/* Globally Declared lower, upper boundaries of Middle-zone and

center line x/
Input: StrokeY,,;,, StrokeY, oz, n

/* lower and upper boundaries of stroke and stroke sequence number */

Result: Zone of the stroke ze{1, 2 ,3}

/* z=1: Upper-zone;
z=2: Middle-zone;

2=3: Lower-zone */
Algorithm MarkStrokeZone (StrokeY, i,StrokeY q.,n)
set z=0;
/* Initialization */
if n==0 then /* first stroke */

set MidY, i, = StrokeY in;
set MidY, a0 = StrokeY oz,
set Center = (StrokeY q.-StrokeY ) /2 ;

Ise

set h = (StrokeYpa: — StrokeY ,in)/8;

set Centerpe, =(StrokeY . — StrokeY i) /2;

if (StrokeY,in > (MidYpe: —h)) and (StrokeY e > (MidY e — h))
then
‘ set z=3;

else if (StrokeYu. < MidY,im + h) and (StrokeY, ., < MidY ., +h)
then
‘ set z=1;

else if (StrokeY,, > (MidY,m —h)) and (StrokeY,im < (MidY e +h))
and (StrokeYae > (MidYpm + h)) and (StrokeYu. < (MidYe: +h))
then
‘ set z=2;

else

if ((StrokeY i, +Centerpe,) > (MidYy, + Center)) and (StrokeY ..
> (MidY,,4: — h)) then
‘ set z=3;

else if ((StrokeY,, + Centerpe,) < (MidY i + Center)) and
(StrokeYpin < (MidYyin + h) and (StrokeYa. < (MidYe: —h)))
then
‘ set z=1;

else
‘ set z=2;

return z;

82



Experiment I: SVM-based classifiers for Upper-zone, Middle-zone, and Lower-zone
strokes

5.2.3 Verification and validation of zone identification algorithm

The values of parameters used in zone identification algorithm MarkStrokeZone have
been inferred by analyzing the data collected from all users involved in data collection
phase. This algorithm has been verified on a dataset of 4,500 characters used in train-
ing phase. These characters consists of 4,870 strokes in Upper-zone, 8,340 strokes in
Middle-zone and 2,873 strokes in Lower-zone. In this verification phase, an accuracy of
95.6%, 99.5% and 96.2% has respectively been achieved for Upper-zone, Middle-zone
and Lower-zone. For validation of the proposed algorithm for zone identification, a set
of 4,280 handwritten Gurmukhi characters has been collected from 10 new users, who
have not participated in the data collection activity for preparation of recognition mod-
els. This dataset consists of 15,297 strokes. Out of these 15,297 strokes; 4,632 strokes
were in Upper-zone, 7,832 strokes were in Middle-zone and 2,733 strokes were in Lower-
zone. Handwritten characters collected from these 10 users have been tested for zone
identification and also for stroke recognition. Accuracy for zone identification is verified
by manually visualizing the actual zone of strokes and the zone predicted by the zone
identification algorithm. Table 5.7 reflects the accuracy of zone prediction for various
strokes in Upper-zone, Middle-zone, and Lower-zone for these users. Zone accuracy is
defined as the number of strokes correctly marked in a zone divided by total number of
strokes marked for the zone. Average accuracy achieved for zone identification of strokes
in Upper-zone, Middle-zone and Lower-zone attained in this work is 94.6%, 98.4%,
92.8%, respectively.

Table 5.7: Zone identification accuracy achieved for ten users using Algorithm 5.1

Users Upper-zone | Middle-zone | Lower-zone | Overall

(in %) (in %) (in %) zone
identification (in %)

User-1 91.4 98.6 94.8 94.9
User-2 96.7 99.6 97.7 98.0
User-3 94.4 99.0 94.3 95.9
User-4 95.3 99.8 94.7 96.6
User-5 98.1 97.8 81.5 92.5
User-6 92.3 96.6 98.0 95.6
User-7 95.3 97.3 85.8 92.8
User-8 94.9 99.5 93.5 96.0
User-9 91.7 97.5 92.5 93.9
User-10 | 95.9 98.6 94.7 96.4
| Average | 94.6 | 98.4 | 92.8 95.3
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5.2.4 Classification

As mentioned earlier, SVM recognition models are used for classification of strokes after
identification of zone for a given stroke. As such, three classification engines for Upper-
zone, Middle-zone and Lower-zone have been developed by selecting one hundred samples
of each stroke. There are 1200 samples in Upper-zone, 8000 samples in Middle-zone, and
700 samples in Lower-zone that have been used to train the recognition engines. In this
work, as mentioned in previous section, normalized x-y points have been used as feature.
For the classification process, SVM with four kernels, namely, linear, polynomial, sigmoid,
and RBF have been used in this work. Other parameters that have empirically been
experimented in this work are learning rate (), penalty parameter (C') and tolerance
limit of termination (€). Recognition rates for different experiments have been obtained
by using k-fold cross validation for three values of £ as mentioned in Table 5.8. Table 5.8

also contains the values of other parameters considered in this experiment.

Table 5.8: SVM parameters

Parameter Options/Values Considered
Kernel Linear, Polynomial, RBF and Sigmoid
Learning rate (loga(7)) 3(-2)-15

Penalty Parameter (logs(C')) -5(2) 15

Tolerance limit of termination (¢) | 0.001

It is worth mentioning here that we have applied grid-search approach in finding the
optimal values of hyperparameters for these four kernels of SVM. Zone-wise k-fold cross-

validation accuracy for these optimal hyperparameters is given in Table 5.9.

Table 5.9: Feature- and zone-wise values of hyperparameters obtained using grid-search
approach for optimal performance of SVM kernels

Accuracy achieved Accuracy achieved Accuracy achieved
Kernel for Lower-zone for Middle-zone for Upper-zone
strokes strokes strokes
(in %) (in %) (in %)
at (k; loga(7); loga(C)) | at (k; loga(7); loga(C)) | at (k; loga(7); loga(C))
Linear Kernel 94.7 (4; -7; -5) 92.3 (5; -7; -1) 88.1 (5; -7; -1)
Polynomial Kernel 94.7 (4; -1; 15) 93.0 (4; -7; -1) 91.8 (5; -13; 11)
Radial Basis Function 89.3 (5; -15; 1) 86.5 (4; -15; 1) 86.3 (5; -15; 1)
Sigmoid Kernel 14.9 (3; -15; 5) 2.4 (4; -11; 15) 17.2 (4; -11; 3)
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strokes
Table 5.10: Userwise stroke recognition accuracy
Users Upper-zone | Middle-zone | Lower-zone Overall
(in %) (in %) (in %) stroke
recognition
accuracy (in %)
User-1 95.7 91.5 85.1 90.8
User-2 97.0 97.2 94.1 96.1
User-3 97.2 97.4 90.8 95.1
User-4 95.3 93.0 90.8 93.0
User-5 97.4 93.6 93.6 94.9
User-6 95.3 95.2 86.0 92.2
User-7 96.9 93.8 92.1 94.2
User-8 96.6 95.8 89.5 93.9
User-9 95.4 95.2 88.5 93.0
User-10 96.1 93.7 91.9 93.9
| Average | 96.3 \ 94.6 | 902 | 93.7 |

5.2.4.1 Stroke Recognition

Stroke recognition accuracy is defined using the ratio of total number of strokes correctly
classified and total number of strokes correctly marked for the zone. The stroke recog-
nition accuracy achieved for 10 users is illustrated in Table 5.10. The average stroke
recognition accuracies for Upper-zone, Middle-zone and Lower-zone are 96.3%, 94.6%,

90.2%), respectively.

5.2.5 Character formation

In order to predict a character from the set of strokes that has been obtained from the
recognition process, a rule based approach has been developed. These rules define the
combination of strokes to create a character. These rules have been developed by analyz-
ing the collected dataset for various combination of strokes in which a character can be
written. The postprocessing algorithm proposed by Kumar and Sharma (2013) has been
used to identify the character after the recognition of stroke. During testing, the test
set consisted of 41 Gurmukhi characters, along with their combination with two nasal

-

symbols (<%, -:IIZ?), addak (:3), and 9 vowel modifiers (7, T, o ) i, ©F, 43 43 and
m) Character recognition accuracy of each user is shown in Table 5.11, where it can be
seen that for a character without matra and nasal symbols, the accuracy is in the range
of 91.0%-94.0% with an average of 92.9%. While recognizing complex character combi-

nations with nasal symbol, matras and both, the average accuracy goes down to 85.0%,
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Table 5.11: Userwise character recognition accuracy

Character | Character | Character Character Average
without with with with (in %)
matras matras nasals and | nasals, addak
(in %) (in %) addak and matras

(in %) (in %)
User-1 91.7 51.5 100.0 50.0 73.3
User-2 92.1 79.8 100.0 55.4 81.8
User-3 93.2 77.1 50.0 52.7 68.2
User-4 90.2 67.6 50.0 53.7 65.4
User-5 90.6 65.3 100.0 52.7 7.2
User-6 92.0 73.3 100.0 55.3 80.2
User-7 92.4 72.2 50.0 52.1 66.7
User-8 92.1 51.4 100.0 52.3 73.9
User-9 94.0 73.5 100.0 50.4 79.5
User-10 94.1 80.2 100.0 54.5 82.2
| Average | 922 | 692 | 850 | 52.9 | 74.8 |

69.2% and 52.9%, respectively. The major reason behind decrease in recognition rates is
the variations in sequence of strokes for writing these complex characters in Gurmukhi
script. Another reason for such a low recognition rate is fallacies of Algorithm 5.1 in
predicting Lower-zone strokes. Overall character recognition accuracy achieved in this
experiment is 74.8%. A more robust writing-zone identification technique is required for
improving the character recognition accuracy of online handwritten character recogni-
tion system for Gurmukhi script. In the next section, another approach for recognition
of handwritten Gurmukhi characters similar to the work presented in Chapter 4 has been

adopted, with a more robust method to identify the writing-zone of the stroke.

5.3 Experiment II: Zone-based HMM classifiers ap-

proach

It has been observed that similar stroke shapes appear in three different zones, and
based on the zone in which these strokes are written, different characters can be formed.
Table 5.12 shows some of the examples where similar stoke shapes written in different
zones result in formation of different characters. In this experiment, one more zone
identification algorithm has been proposed. This algorithm detects the zone boundaries

even more efficiently than the algorithm proposed in previous section.
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Table 5.12: Strokes with similar shapes resulting in different characters

Stroke shape, strokeID (zone) Character
U=Upper-zone; M=Middle-zone; L=Lower-zone formed
Combinations

4159 (M) y
a4 159 (M) T 121 (M) / 126 (M) Ci
9160 (M) Ci
9160 (M) 121 (U) g
4159 (M) | T, 121 (M) /126 (M) |, 121 (U) g
4159 (M) 121 (U) T
4159 (M) — 121 (L) /126 (L) y
a4 159 (M) T, 126 (U) g
0 224 (M) < 225 (M) B
T 224 (U) | 225(M) ) 197(M) 5
| 149 (M) <, 225(M) ¥
149 (M) <, 225(M) =
v 161 (M) L 162(M) y
L161 (M) L 162(M) o
7152 (M) ~ L 121(V) H
152 (M) T 121(U) H
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Table 5.13: Gurmukhi strokes used for classification

- N\ N “ - 0 “ 6

Stroke shape | =

classID | 106 | 121 | 122 | 123 | 124 | 126 | 128 | 133 | 141
Sample taken | 86 | 125 | 138 | 137 | 90 | 92| 97 | 124 | 124

Stroke shape

classID | 144 | 145 | 146 | 148 | 149 | 150 | 151 | 152 | 153
Sample taken | 138 | 131 | 128 | 131 | 124 | 134 | 130 | 132 | 136

Stroke shape

classID | 154 | 155 | 156 | 158 | 159 | 160 | 161 | 162 | 164
Sample taken | 115 | 118 | 107 | 126 | 141 | 133 | 94 | 130 | 107

Stroke shape

classID | 165 | 166 | 167 | 168 | 169 | 170 | 171 | 172 | 173
Sample taken | 120 | 130 | 130 | 122 | 138 | 108 | 124 | 128 | 116

Stroke shape

classID | 174 | 175 | 176 | 177 | 179 | 180 | 181 | 182 | 183
Sample taken | 127 | 125 | 135 | 134 | 123 | 135 | 134 | 129 | 131

Stroke shape

classID | 184 | 185 | 187 | 188 | 190 | 191 | 193 | 194 | 195
Sample taken | 125 | 108 | 138 | 132 | 123 | 115 | 106 | 121 | 136

Stroke shape

classID | 196 | 197 | 198 | 200 | 201 | 202 | 203 | 205 | 207
Sample taken | 135 | 102 | 121 | 135 | 133 | 108 | 135 | 129 | 121

Stroke shape

classID | 208 | 209 | 210 | 212 | 215 | 216 | 222 | 223 | 224
Sample taken | 130 | 135 | 125 | 125 | 130 | 136 | 135 | 134 | 100

Stroke shape

classID | 225 | 226
Sample taken | 100 | 99
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5.3.1 Description of data

As per strategy adopted in Chapter 4 for classification of strokes, 74, different stroke
classes have been identified, which are distinguishable from each other in shape and
formation of stroke. Table 5.13 contains the shape of strokes, and the strokelDs associated
with them and the number of samples used for training. All the words collected in the

database have been annotated for these classes and respective zones at stroke level.

5.3.2 Description of stroke classifier

As mentioned earlier, a preprocessed stroke contains 64 x-y points. An HMM-based
clagsifier has been implemented in this experiment using the features extracted from
these 64 points. The feature R,,, as illustrated in Section 4.2.2 has been used here.
This feature has been used in this experiment owing to the fact that we achieved higher
recognition rates when this feature was used. The HMM-based classifier has been trained
using a dataset of 74 stroke classes, each class having the number of samples between
83 and 141, as given in Table 5.13. The HMM-based classifier has been trained using
these stroke samples yielding a recognition accuracy of 95.3%. During classification, each
stroke is tested on HMM model for its matching class. After classification of strokes, zone
information of the stroke is used to recognize the character. Next section explains the
process of identification of the writing-zone of a stroke. After identification of the writing-

zone, postprocessing steps are applied on recognized strokes to form the characters.

5.3.3 Zone identification

Identification of the zone of a stroke is critical in order to form correct Gurmukhi char-
acters. To improve the efficiency of online handwritten character recognition system for
Gurmukhi script, the algorithm MarkStroke WritingZone has been proposed. This
algorithm identifies the writing-zone of a given stroke as U (Upper-zone), M (Middle-
zone), or L (Lower-zone). Based on the original z-y traces of each stroke, the strokes
are grouped into sets as per z-axis projections. A stroke set may contain one or more
strokes. These stroke sets are processed further to find the zone of each stroke in the set
as per the y-projections of each stroke. At the start of the zone identification process,
mazY Span of the stroke set is calculated. Two imaginary boundaries named as upperY
and lowerY are also obtained based on the span of the stroke set. These boundaries

are considered for defining the Upper-zone, Middle-zone and Lower-zone in the stroke
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Algorithm 5.2: MarkStrokeW ritingZone algorithm

Input: strokeSet

/* Original x-y traces of each stroke alongside sequence numbers  */
Algorithm MarkStrokeWritingZone (strokeSet)

/* Calculate maxYSpan, upperY and lowerY */
Find maxY Span, upperY and lowerY

/* Find Shirorekha (Upper horizontal bar in Gurmukhi character):
*/

Mark all the horizontal lines in the strokeSet for potential shirorekha

if found then

1 The horizontal line having the highest y projection is marked as
shirorekhay,

if shirorekhay, appears in upper 35% span of the strokeSet then

2 shirorekhay, is shirorekha actualUpperY =The y projection of
shirorekha

actual LowerY = actualUpperY + 0.6 X mazY Span
else

4 shirorekha is not found
actualUpperY =upperY

actual LowerY =lowerY
* Identification of zomnes: *x/

or each stroke in strokeSet mark zone as do

5 strokeMinY and strokeMaxY are the highest and lowest y-projection of
the stroke

span = strokeMaxY -strokeMinY

if strokeMazY > actualUpperY and strokeMinY < actual LowerY
then

‘ Mark stroke in Middle-zone ;

7 else if either strokeMaxY > actual LowerY or more than 50% of the span
falls below actual LowerY then

‘ Mark stroke in Lower-zone

9 else if either strokeMaxY < actualUpperY or more than 70% of the span
falls above actualUpperY then

10 ‘ Mark stroke in Upper-zone

11 else

12 ‘ Mark stroke in Middle-zone

13 return

=N
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set. upperY and lowerY are defined as y-values at the upper 20% and lower 20% of
maxY Span, respectively. These percentages have been selected after analyzing a fairly
large dataset of Gurmukhi characters. The remaining 60% area is thus initially marked
for Middle-zone. The actual zones are found based on Algorithm 5.2. A strokeSet is
passed as an argument for identification of zone of each stroke in the set. Original x-y
traces of each stroke are used for handling the zonal information in this process. There
are two parts of the process. In the first part, we analyze the strokeSet for presence of
shirorekha. The shirorekha is an upper horizontal bar which connects various characters
in a word and act as boundary between the Upper-zone and Middle-zone of the charac-
ter. It has been observed empirically that shirorekha appears in upper 35% span of the
strokeSet. The highest horizontal bar in the upper 35% span of strokeSet is marked
as shirorekha. If shirorekha is found in the strokeSet, strokeMinY of the shirorekha
stroke is considered as the actualUpperY , which is the boundary between Upper-zone
and Middle-zone. actualLowerY is also derived from the actualUpperY by adding 0.6
times the maxY Span, marking the Middle-zone and Lower-zone. In case, shoirorekha
is not found in the above set, then, upperY and lowerY calculated during initialization,
are considered actualUpperY and actual LowerY | respectively.

After finding these boundaries, in the second part, each stroke is compared around these
boundary values, and zonal information to each stroke is tagged accordingly. If the
stroke’s upper (strokeMaxY') and lower (strokeMinY') are above actualUpperY , then
stroke is marked as Upper-zone stroke. Similarly, if new stroke’s upper and lower bound-
aries are below actual LowerY , then the stroke is marked as Lower-zone stroke. If upper
and lower boundaries of new stroke are between actualUpperY and actual LowerY , then
the stroke is tagged as Middle-zone stroke. For handling paireen characters (for example
3 in ), if more than 50% span of the stroke is below actualLowerY’, then the stroke
is marked as Lower-zone stroke. In remaining conditions, the strokes are marked as

Middle-zone. All the cases described above are depicted in Figure 5.2.

5.3.4 Verification and validation of writing-zone identification

The writing-zone identification algorithm described above has also been verified and val-
idated. For verification of the proposed algorithm, it has been tested on a dataset of
5000 characters from annotated data as explained in Chapter 2. The zone identification
accuracies of 98.4%, 99.3%, and 98.7% for Upper-zone, Middle-zone, and Lower-zone,
respectively have been achieved. The algorithm has also been validated on the set of
4280 handwritten Gurmukhi characters collected from 10 new users as explained in Sec-

tion 5.2.3. Accuracy for zone identification is verified by manually visualizing the stroke
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Figure 5.2: Various cases of writing-zone detection
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Table 5.14: Zone identification accuracy for ten users using Algorithm 5.2

Users Upper-zone | Middle-zone | Lower-zone | Overall

(in %) (in %) (in %) zone

identification (in %)
User-1 97.4 98.6 96.8 97.6
User-2 98.8 99.6 99.0 99.1
User-3 97.6 99.0 95.3 97.3
User-4 97.7 99.3 97.4 98.1
User-5 98.9 99.6 96.5 98.3
User-6 95.3 98.6 98.0 97.3
User-7 96.2 98.3 95.8 95.6
User-8 97.7 99.2 95.5 97.5
User-9 96.7 99.5 95.3 97.2
User-10 | 96.9 98.8 97.4 97.7
| Average | 97.3 [ 99.0 | 96.6 | 97.7 \

and the zone predicted by the zone identification algorithm. It is worth mentioning here
that manual inspection of stroke’s zone is required for all written strokes, as this dataset
has not been annotated as is done for training data defined in Chapter 2. Table 5.14
shows the accuracy of zone identification process for various strokes. A validation ac-
curacy of 97.7% has been achieved for zone identification process on 4280 handwritten

characters.

5.3.5 Formation of characters

After identification of stroke, writing-zone information of the stroke is further used along
with postprocessing steps to generate the Gurmukhi characters. It has been concluded
in the previous experiment that the sequence of strokes affects the generation of final
character, which was evident in the results obtained for character with nasal symbols
and matras. A stroke rearrangement step as proposed by Sharma et al. (2009a) has been
applied in order to rectify the issues in accordance with rules framed in W3C Interna-
tionalization working group defined by Lata et al. (2015). After this rearrangement, a
rule-based algorithm proposed by Kumar and Sharma (2013) has been implemented to
generate Gurmukhi characters. The test set consists of 41 Gurmukhi characters, along
with their combination with nasal symbols (£, %), addak (), and 9 laga matras (£,
fo, o, I \, A, % and m) It can be observed from Table 5.15, that when a

character without matras and nasal symbols is considered, the accuracy is in the range

of 95.0%- 99.0% with an average of 97.1%. While recognizing complex character com-
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Table 5.15: Userwise character recognition accuracy

Character | Character | Character Character Average
without with with with (in %)
matras matras nasals and | nasals, addak
(in %) (in %) addak and matras

(in %) (in %)
User-1 99.2 89.9 100.0 84.4 93.4
User-2 95.4 91.2 100.0 88.4 93.8
User-3 96.6 87.2 75.0 84.5 85.8
User-4 96.5 88.6 75.0 86.5 86.7
User-5 98.6 86.7 100.0 86.7 93.0
User-6 97.6 88.9 100.0 88.3 93.7
User-7 96.7 85.7 100.0 84.1 91.6
User-8 95.5 85.4 100.0 89.2 92.5
User-9 97.7 91.2 100.0 86.2 93.8
User-10 97.2 90.3 100.0 86.5 93.5
| Average | 97.1 | 885 | 950 | 86.5 | 918 |

binations with matras; nasals and addak; and nasals, addak, and matras, the average
accuracy goes down to 88.5%, 95.0% and 86.5%, respectively. The stroke zone identifi-
cation and stroke’s identification in the characters with nasal and addak combinations
have been found comparable to overall zone identification accuracies of three zones and
stroke recognition accuracy, mentioned above, respectively. The character recognition
accuracy achieved in this work is 91.8%, when basic characters, characters with vowel
modifiers, characters with subjoined symbols, and characters with other symbols are

considered.

5.4 Chapter summary

This chapter revolves around the role of writing-zone identification in handwritten char-
acter recognition system for Gurmukhi script. Two writing-zone identification algorithms
for identification of writing-zone of stroke written in Upper-zone, Middle-zone and Lower-
zone for Gurmukhi script have been proposed. These two algorithms have also been tested
with two different classifiers in this chapter. In the first experiment, recognition of a stroke
has been done using three different SVM classifiers for the three writing-zones having a
feature set of normalized x-y points of the stroke. In the second experiment, recognition
of a stroke has been done using HMM with a feature set of normalized z-y traces of

the stroke. The results of these experiments have been enlightened in Table 5.16. It is
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Table 5.16: Comparison of results of Experiment I and Experiment II

Chapter summary

Character | Character | Character Character Average
without with with with (in %)
matras matras nasals and | nasals, addak
(in %) (in %) addak and matras

(in %) (in %)
Experiment I 92.2 69.2 85.0 52.9 74.8
Experiment II 97.1 88.5 95.0 86.5 91.8

clearly evident that recognition accuracies are considerably high during experiment II in

comparison to experiment I. We have achieved an accuracy of 74.8% and 91.8% when

Gurmukhi consonants; and their combinations with vowels, subjoined symbols, and other

symbols have been considered in experiment I and II, respectively. The accuracy achieved

is 92.2% in experiment I and 97.1% in experiment II, when only basic Gurmukhi con-

sonants are considered. In the next chapter, an HMM-based classification strategy using

auxiliary information approach has been introduced, where the recognition accuracy of

one feature is enhanced using an auxiliary information available for large population of

data.
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Chapter 6
HMM-based Classifiers Using Auxiliary In-

formation Approach

6.1 Introduction

In the preceding chapters, SVM- and HMM-based classifiers have been experimented on
different features for classification of strokes in Gurmukhi script. In Chapter 4, three
different features, namely, directional features (D,,), region based feature (R,,) and cur-
vature feature-based classes (Cﬁ/) have been experimented with HMM-based classifiers.
All these features yielded high recognition rates (90.0% or above) in these experiments.
In Chapter 4, a voting-based classifier has also been proposed using three top performing
classifiers from 72 different classifiers experimented in that work. Out of these three top
performing classifiers, two are HMM-based classifiers. Various authors have worked for
increasing the recognition accuracy of the recognition models using different classifiers
and also using combinations of the classifiers. In this chapter, we have worked on de-
veloping a more efficient online handwritten character recognition system using auxiliary
information approach. Here, we have worked upon improving the recognition accuracy of
HMM-based classifiers by redefining the probability matrices 7, A, and B. The elements
of these matrices in HMM are calculated using one of the features, mentioned above.
For example, we have proposed HMM-based classifiers with D,, features; have proposed
HMM-based classifiers with R,, features; and have also proposed HMM-based classifiers
with Cé\; features.

In sampling theory, researchers have carried out a good amount of work wherein the in-
ferences on a main variable are improved with the help of one or more auxiliary variables.
Srivastava and Jhajj (1981) have carried out the pioneering work in this direction. They
estimated the mean of a finite population using information available on an auxiliary
variable. In this effort, they defined a class of estimators as function of sample mean to
population mean. Stephenson et al. (2003, 2004) have also used auxiliary information
to improve the performance of their model. In their work on automatic speech recogni-
tion, they concluded that auxiliary information that conditions the distribution of the

standard features can, in certain conditions, provide more robust recognition than using
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auxiliary information that is appended to the standard features. Ferrer et al. (2008)
also utilized several auxiliary features in improving the recognition accuracy of system
for speaker identification. They found the technique more efficient, as 15% relative re-
duction in equal error rate is reported over methods based on standard linear logistic
regression, support vector machines, and neural networks. We, however, could not find
handwritten character recognition systems developed wherein,classifiers have been built
using auxiliary information approach.

Inspired by the work of Srivastava and Jhajj (1981), we have proposed an efficient HMM-
based classification technique in this chapter. In this technique, the probability matrices
w, A, and B of HMM are redefined using the available information on the auxiliary
variable. In this approach, we have used two features for building an HMM-based clas-
sification model, instead of one feature. Conventionally, HMMs explore the information
available on a single feature. Out of the two variables used to develop HMM, one is
named as main variable and the other as auxiliary variable.

As mentioned above, we have used three features, namely, D,,, R,,, and C’é\; in this
chapter to build the proposed HMMs. We have experimented with six combinations of
the auxiliary and main variables in this chapter. These combinations are: {(Main vari-

able, Auxiliary variable): (Duy, Rey), (Day, Cn); (Rays Day), (Ray, CJ)), (CF, Ray), and

zyr flay
(Cﬁ/, D,,)}. In order to use the auxiliary variable approach, one needs toyspecify the
population used and samples taken from this population. For the purpose of implemen-
tation, we have fixed the size of population as 60,770 for all three features used in this
work. This is fairly a large size and it contains at least 700 patterns each of 74 stroke
classes experimented in this work. The sample size is taken as 8,880 in this work. This
size accommodates 120 patterns of each class. These 120 patterns are randomly selected
from the population of size.

The ratio estimator as discussed by Srivastava and Jhajj (1981) is defined as,
— X
V=7 (t) (6.1)

Here, 7 (Z) is sample mean for the main (auxiliary) variable and Y (X) is population
mean for main (auxiliary) variable.

As mentioned above, we have experimented with six combinations of main and auxiliary
variables in this chapter. The process of calculating the probabilities for proposed HMMs
is described below, in brief.

Let us consider that D,, is the main feature and R,, is the auxiliary feature. Following
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(6.1), we can define:
— X
Yb., =Up., - (%) (6.2)

This equation has been used to redefine the probability matrices w, A, and B of HMM.
As explained in Chapter 4,  is the initial probability matrix. This matrix contains M
elements, M being the total number of observations. For example, first element of this
matrix, namely, 711 is the expected number of times observation 1 appears in state 1 for

a given stroke. This probability is redefined in the proposed HMM using auxiliary feature

as:
Ryy
Duy _ _Duy [ Hig
I =m ( Ry (6.3)
T
where,

Hﬁ“’: Expected number of times observation 1 appears in state 1 for a stroke when
population for D,, feature is considered.

Wﬁzy: Expected number of times observation 1 appears in state 1 for a stroke when
sample for D,, feature is considered.

Hﬁ’””: Expected number of times observation 1 appears in state 1 for a stroke when
population for R,, feature is considered.

Wﬁ“‘: Expected number of times observation 1 appears in state 1 for a stroke when

sample for R,, feature is considered.

Other elements of matrix  and also of matrices A and B are calculated using the equa-
tions similar to (6.3). Special cases arising in (6.3), for example, the value of =¥ being
zero etc. are dealt with as stated in Algorithm 6.2. Next section of this chapter describes

the data used in the experimentation in this chapter.

6.2 Data description

In this chapter, we have experimented with 74 stroke classes appearing in Upper-zone,
Middle-zone and Lower-zone. Table 6.1 contains the strokes and the strokelDs associated
with them. In the experiments carried out in this chapter, a sufficiently large set of these
strokes has been selected from the annotated data as described in Chapter 2. This set
contains more than 700 patterns each of 74 stroke classes, and in total 60,770 stroke
patterns. This training set is considered as population of strokes. Out of this population

of strokes, 120 stroke patterns for each class have randomly been selected to create the
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sample of strokes. There are in all 8,880 stroke patterns in this set. All these training
patterns have been preprocessed for extraction of features as per procedures defined in
Chapter 2. Each stroke contains 64 z-y points in 300 x 300 window after preprocessing.
These z-y points have been used for extraction of features in this experiment as explained

in the next section.

Table 6.1: Gurmukhi strokes used for classification

S N N\ “ - 0 @« 6

Stroke | =

StrokelD | 106 | 121 | 122 | 123 | 124 | 126 | 128 | 133 | 141

Stroke

StrokelD | 144 | 145 | 146 | 148 | 149 | 150 | 151 | 152 | 153
Stroke | J d 2 4 E ¢ | d

StrokelD | 154 | 155 | 156 | 158 | 159 | 160 | 161 | 162 | 164
Stroke d Y v 2 Q Y Y 6 ®

StrokelD | 165 | 166 | 167 | 168 | 169 | 170 | 171 | 172 | 173
Stroke | 7 q / 2 ¢ € ¢ ©

StrokelD | 174 | 175 | 176 | 177 | 179 | 180 | 181 | 182 | 183
Stroke = S & & 9 3 ¥ 2 q

StrokelD | 184 | 185 | 187 | 188 | 190 | 191 | 193 | 194 | 195
Stroke P) 7 N G G & q 3 U

StrokelD | 196 | 197 | 198 | 200 | 201 | 202 | 203 | 205 | 207
Stroke E 4 ¢ 3 g ? 7 T B

StrokelD | 208 | 209 | 210 | 212 | 215 | 216 | 222 | 223 | 224

Stroke ¢ v

StrokelD | 225 | 226
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6.3 Feature extraction

As described in previous section, there are 74 stroke classes used in this work. The 64
x-y resampled points in a window of 300 x 300 have further been used to extract features
from each stroke pattern. Three features, namely, Direction-based feature (D,,), Region-
based feature (R,,), and Curvature class-based features (CJ)) as defined in Chapter 4
have been used in this work. As such, 20 quantized direction values have been defined for
D,, feature. These quantized values representing the angle between points P; and Py,
1 =1,2,...,62 have been calculated and coded as illustrated in Table 6.2. Region-based
feature (R,,) has been calculated as defined in Section 4.2.2. This feature set will have 64

elements in all, for each stroke pattern in population and sample as defined in previous

section.
Table 6.2: Coding of directional features D,
Code Angle range Coding chart

1 351° <0 <359°0OR0<OL9°
2 9° < g9 <27°

3 27° < 0 < 45°

4 45° < 0 < 63°

5 63° < f < 81°

6 81° < 6 <99°

7 99° < 0 < 117°

8 117° < 6 < 135°

9 135° < 6 < 153°

10 153° < 6 < 171°

11 171° < 9 < 189°

12 189° < 6 < 207°

13 207° < 0 < 225°

14 225° < 0 < 243°

15 243° < 60 < 261°

16 261° < 0 <279°

17 279° < 0 < 297°

18 297° < 6§ < 315°

19 315° < 0 < 333°

20 333° < 0 < 351°
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The third feature, curvature class-based feature (C’i\;) as defined in Section 4.2.4 has
62 elements each pattern in population and sample. In Chapter 4, C’i\; feature vector
contains 20 observations, D,, feature vector contains 12 observations and R, feature
vector contains 100 observations. We have carried several experiments on the number of
observations in feature vectors for these three features and decided to take 20 observations

each for Cé\; and D, feature and 100 observations for R,, feature.

6.4 HMM-based classifiers without auxiliary variable

The features, D,,, R,,, and C’fc\; as explained in Section 6.3 have been used to build HMM
A = (m, A, B) for each stroke class using the patterns from population and also using the
patterns from sample. Algorithm 4.1 has been used to build these models. For building
HMM with D,, feature, the observation set is O = {1,2,...,20}, and the set of states is
S =4{1,2,...,,62}. For R,, feature, the observation set is O = {1,2,...,100} and the set
of states is S = {1, 2, ...,64}. For building HMM using Cﬁl feature, the observation set is
0 ={1,2,...,20}, and the set of states is S = {1,2,...,62}. Algorithm 4.2 has now been
used to test a pattern for its matching strokelD using respective HMM. We have trained
6 different HMMs based on these three features and two training sets. These HMMs are
named as yPev, Y P yBRev YRey yC2 and YO, Here, yPm, yfev, and y©v are HMMs

built on sample data using features D,,, R.,, and CY  respectively. Also, YPrv Yoy,

2y
and Y% are HMMs built on population using featurss D,,, R,,, and Cﬁ/ respectively.
The stroke recognition accuracies of these sets using 5-fold cross-validation technique are
given in Table 6.3. It can be inferred from this table that y®=v produces the highest stroke
recognition rate, whereas, Yoy gives the lowest stroke recognition accuracy among all the
6 models trained. These models have further been used to train HMMs using Auxiliary

information approach.

Table 6.3: Stroke recognition accuracy of HMM-based models

Stroke recognition
Feature | HMM .
Accuracy (in %)
Day 92.8
Dy,
Y Py 92.0
Ray 93.3
Rey |
Y Hay 92.6
Cay
oN Y v 924
i Y ey 90.7
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6.5 HMM-based classifiers using auxiliary variable

approach

In Section 6.4, six different HMM-based classifiers exploring three features, namely, D,,,
Ry, C’i\; have been proposed. In this section, we have implemented six new HMMs using
auxiliary variable approach. We consider one of the three features as main feature and
the remaining two features as auxiliary features. The probability matrices w, A, and B
are calculated using (6.3) and as illustrated in Section 6.1. In order to use the informa-
tion on auxiliary feature, we need to modify Algorithm 4.1. Algorithm 6.1 contains these
modifications. This algorithm has been used to calculate the probability matrices m, A,
and B, when main feature and auxiliary feature are employed. Algorithm 6.2 has been
used for predicting the ID of a new stroke with the help of the HMMs developed using
Algorithm 6.1.

In order to validate the approach of building HMMs using auxiliary variable approach,
we have collected one hundred new patterns (test patterns) for each of 74 stroke classes
considered in this work. The HMMs implemented in Section 6.4 have been used to predict
the stroke classes for these test patterns. Six new HMMs that have been implemented
using auxiliary variable approach, have also been used to predict these test patterns.
The results obtained from these 12 experiments are given in Table 6.4. It can be noted
from this table that the accuracies of 92.5%, 91.5%, and 94.3% have been achieved when
features used are Dy, Ry, and C}),
the HMM built on the patterns in sample of size 8,880. When we use HMM built on
population of size 60,770, these accuracies are 91.8%, 91.2% and 92.4%, respectively, for
the features Dy, Ryy, and CJ.

Table 6.4 also reveals that proposed auxiliary variable based approach improves the recog-

respectively. These accuracies are obtained using

nition process. When D,,, feature has been used as main feature and R, is used as aux-
iliary feature, a recognition accuracy of 96.4% has been achieved with an improvement
of 3.9% over recognition accuracy when no auxiliary feature is used. An improvement of
3.2% has been achieved when Ci\; feature is used as auxiliary feature with D,, as main
feature. An accuracy of 97.3% has been achieved when we consider R,, as the main fea-
ture and D,, as the auxiliary feature, improving the recognition accuracy by 5.9%. This
improvement in the accuracy is 6.3% when C’ivy is taken as auxiliary feature with R,, as
main feature. In another case, when C’é\; has been used as main feature, improvements
in recognition accuracies of 3.3% and 3.1% are achieved when D,, and R,, are used as
auxiliary features, respectively.

In this work, the highest accuracy that has been achieved is 97.7% when R,, is taken
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as the main feature and Ci\; is considered as auxiliary feature. Table 6.5 illustrates the
improvement in recognition accuracy of each HMM created using auxiliary variable ap-

proach over recognition accuracy of main feature.

Algorithm 6.1: Algorithm for calculating II, A, B when main feature (y) and

auxiliary feature (x) are used.

1 AY = (w¥, AY, BY) : This HMM is trained using features extracted from the
patterns in Sample set of main variable (y);

A*=(m", A® B®) : This HMM is trained using features extracted from the patterns
in Sample set of auxiliary variable (z);

AX=(1%, AX ®X): This HMM is trained using features extracted from the

patterns in Population set of auxiliary variable (y);

N

w

4 SY is the set of states {1,2,...,n¥} for main variable;

5 S7 is the set of states {1,2,...,n"} for auxiliary variable;

6 OV is the set of observations {1,2,..., M¥} for main feature;

7 O7 is the set of observations {1,2, ..., M*} for auxiliary feature;

8 O is the set of observations

(1,1 (L2) ... (LD ... (1,M)
2,1) (2,2 ... @20 ... (2,M)
(k,. 1) (k,. 2) ... (/{, noo (K Mr)

_(M?,1) (M?,z) (M?,z) (My,.]\/[z)_

in new HMM, where k is the observation corresponding to main feature and [ is
the observation corresponding to auxiliary feature;

9 II is initial probability matrix of dimension 1 x MY x M?* defined using

g if ¥, =0
Il = L H—{g if 721 =0 V(k, 1 O.keOY%1e0O”
= e | if 73! = (k1) €O ke 0% e
1
Y, otherwise

where, w¥ is initial probability matrix of dimension 1 x MY, when sample of main
feature is considered; w® is initial probability matrix of dimension 1 x M?, when
sample of auxiliary feature is considered; II¥X is initial probability matrix of

dimension 1 x M?®, when population of auxiliary feature is considered ;
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10 A is transition probability matrix. This is defined as [A;jx]av < avvxare s a=, where,

AX . if AY, =0
A
Ajjrt = A?J"(A];O it Apl=0 ,Vi,je 0%k 1eO"
%]
Afj otherwise

where, AY is transition probability matrix of dimension MY x MY, when sample of
main feature is considered; A* is transition probability matrix of dimension
M® x M?*, when sample of auxiliary feature is considered; AX is transition
probability matrix of dimension M* x M?, when population of auxiliary feature
is considered ;

11 B = [bygr|mvxar=xn s state observation matrix, defined as

DX if BY, =0

bpq?" B

qr
By, otherwise

(I)X
= B]Z?/r ( QT) if B;"' =0 ,VPEOy,qer,TEN(: nyr\lnx>

where, BY is state observation probability matrix of dimension MY x n¥  when
sample of main feature is considered; B¥ is state observation probability matrix
of dimension M® x n®, when sample of auxiliary feature is considered; ®X is state
observation probability matrix of dimension M?* x n*, when population of
auxiliary feature is considered;

Algorithm 6.2: Algorithm for recognition of stroke using HMM AY = (IIY, AY,
BY) trained using auxiliary variable approach

1 C' is the total number of stroke classes in HMM;

2 M is the total number of states in HMM,;

3 IIY is initial probability matrix for stroke class i of HMM created using auxiliary
variable approach;

4 AY is transition probability matrix for stroke class i of HMM created using
auxiliary variable approach;

5 BY is the state observation matrix for each stroke class i of HMM created using
auxiliary variable approach;

6 Prww=0,1=1;
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7 repeat

8 P=1IY, j=1;

9 repeat

10 P=Px A}; X B};- :
11 if P > P,,,. then
12 P = P;

13 RS =1

14 J=J+1

15 until j < M;

16 1=1+4+1;

17 until : < C;
18 return RS

Table 6.4: Results of HMM-models after incorporating auxiliary information

Main Number of Auxiliary .
Recognition accuracy of
S. No. | Feature Patterns used in Feature .
. HMM(in %)
(v) training the HMM (z)
1. D,, 60,770 - 91.8
2. Dy, 8,880 - 92.5
3. R, 60,770 - 91.4
4. R, 8,880 - 91.2
D. Cﬁ, 60,770 - 94.3
6. Ci\; 8,880 - 92.4
7. Dy, 8,880 R, 96.4
8. Dy, 8,880 Cﬁ/ 95.7
9. R, 8,880 D,, 97.3
10 R, 8,880 C’évy 97.7
11 CmNy 8,880 Dy, 97.6
12 Ca{\; 8,880 R, 92.4

6.6 Chapter summary

In this chapter, a new approach for improving recognition rates of HMMs using auxiliary
information approach has been proposed. This approach has been based on the work in
sampling theory, where, the mean of a main variable on a fairly large population can be

estimated using a correlated auxiliary variable. For this purpose, two different training
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Table 6.5: Improvement in recognition accuracy when auxiliary variable approach is used.

Recognition accuracy of | Improvement
Main feature Auxiliary HMM built using over HMM
(v) feature (z) auxiliary variable with base
approach (in %) feature (in %)
R,y C’fc\; 97.7 6.3
R,y D, 97.3 5.9
Cft\; D, 97.6 3.3
o I 97.4 3.1
Dy, R,y 96.4 3.9
Dy, C’f:\; 95.7 3.2

samples have been identified from annotated data. Three different features, namely,
R,y, Dy, and C’fc\; have been used for training of classifiers, in this chapter. When an
HMM using auxiliary variable is incorporated using the proposed approach, an average
improvement in recognition rate of 4.5% has been recorded in comparison to recognition
rate achieved when only main feature is used using conventional HMM approach. Next
chapter presents a summary of work done in this thesis and concludes the thesis with
major inferences gained from this study and also highlights scope for future work in this

domain of online handwritten character recognition for Gurmukhi script.
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Chapter 7

Conclusions and Future Scope

Handwritten character recognition systems have been a topic of research for more than
four decades. In this thesis, we have worked for developing an efficient online handwritten
character recognition system for Gurmukhi script. This script is used for writing Punjabi
language by people living in Punjab, a North Indian state and also by the Indians living
in other parts of the world such as Australia, Canada, New Zealand and USA. The work
done here has been organized in seven chapters. Chapter 1 highlights the need for an
online handwriting recognition system for Gurmukhi script along with an introduction
to the characteristics of Gurmukhi script. A detailed review of literature has also been
carried out in this chapter, highlighting the major issues in online handwritten character
recognition and their complexities.

For building an efficient online handwritten character recognition system, a large dataset
of digital ink is required. As such, Chapter 2 has focused on the process of data col-
lection, selection of writers, and storage of data. It also illustrates the strokes classes
identified from this data. This chapter also elucidates the XML specifications to store
the annotated stroke database. An outline of common preprocessing techniques of nor-
malization, centering, duplicate points removal, smoothing and resampling has also been
illustrated in this chapter. In Chapter 3, a study of five zone-based features for classifi-
cation of Middle-zone strokes has been illustrated. These features have been extracted
from 100 samples each of 82 stroke classes in Middle-zone. Four SVM kernels, namely,
linear, polynomial, radial basis function and sigmoid have been used to build classifiers.
A cross-validation study of these classifiers on these features has also been discussed in
this chapter. Chapter 4 includes seventy two experiments that have been performed to
build SVM- and HMM-based classifiers to recognize online handwritten Gurmukhi char-
acters. These seventy two classifiers have been obtained using five features, two classifiers,
three window sizes, and three values of k in k-fold cross-validation. Here, forty five SVM-
based and twenty seven HMM-based classifiers have been experimented. This chapter
also includes a voting-based classification model built using top-three feature-classifier
combinations. Zone-identification algorithms for a stroke have been proposed in Chapter
5, using two different online handwritten Gurmukhi character recognition approaches. In

the first approach, writing-zone is a prerequisite to classification process, whereas, in the

109



Chapter 7. Conclusions and Future Scope

other approach it is independent of the stroke classification. The two systems have also
been tested on the dataset consisting of basic characters; characters with vowel modi-
fiers; and characters with subjoined symbols. Chapter 6 introduces and illustrates a new
HMDM-based classification strategy using auxiliary variable approach. This approach has
been motivated by the work in Sampling Theory, where, the mean of the main variable on
a fairly large population can be estimated using a correlated auxiliary variable. The ap-
proach has been implemented and validated. The approach has contributed in improving

the recognition accuracy of HMM-based classifiers.

7.1 Summary of Work Done

In this thesis, an attempt has been made to improve online handwritten character recog-
nition system for Gurmukhi script. For this purpose, a large database of Gurmukhi
handwritten words has been collected involving native writers. Different features for
classification; SVM- and HMM-based classifiers; and various feature-classifier combina-
tions have been explored for improving the character recognition accuracy of Gurmukhi

Script. Main contributions of this research work are outlined below.

(i) A sufficiently large dataset of 45000 Gurmukhi words has been collected using Dell
XT3 Tablet device in the form of digital ink. An XML-based format for storing
this digital ink data to hold writer information, and annotation details ranging from
page to stroke level, has also been used. Experiments have been conducted on a
range of 74 stroke classes to 99 stroke classes, for classification and formation of
characters in Gurmukhi script.

(ii) In one of the experiments, Five zone-based features have been extracted from 100
preprocessed samples each of 82 Middle-zone stroke classes to build SVM-based clas-
sifiers. These SVM-based classifiers are built using four different kernels, namely,
linear, polynomial, radial basis function, and sigmoid. Other parameters such as k
in k-fold cross-validation, learning rate (), tolerance limit (€), and penalty parame-
ter (C') have empirically been experimented for classification of strokes. Dp feature
set yielded the highest recognition rate (93.1%) out of the five features considered
in this experiment. Linear and polynomial kernels have shown approximately the
same recognition accuracy for all the five feature sets used in experimentations. It
has also been observed that grid search model selection is better way for selecting
kernel hyperparameters than the empirical search.

(iii) Another experiment has been conducted to train a coherent classifier for recogni-

tion of Gurmukhi script in online handwritten character recognition system. In
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Summary of Work Done

this experiment, seventy two different HMM- and SVM-based classifiers have been
explored for recognition of online handwritten Gurmukhi characters. Five different
features, namely, Normalized x-y traces; Region based features; Curvature features;
Curvature feature based classes; and Directional features have also been explored.
On a dataset containing 35 basic characters of Gurmukhi script, the top three
feature-classifier combinations have been compared. A recognition rate of 96.4%
has been achieved here with HMM-based classifier. A voting-based classification
model based on top three feature-classifier combinations implemented in this work
yielded a recognition rate of 96.7%.

Some of the stroke shapes among the 99 stroke classes identified during the data
collection phase appears in more than one writing-zone. An important problem
that has been dealt with in this thesis is detecting the writing-zone of these sim-
ilar shaped strokes. There are two different situations for classification of strokes
that have been explored in this work. In one of the situations, three classifiers
based on strokes in the three writing-zones, namely, Upper-zone, Middle-zone, and
Lower-zone have been developed. In this situation, writing-zone of the stroke is a
prerequisite to classification process. In the other situation, the stroke classes hav-
ing similar shapes have been merged. Here, classification of stroke is independent of
writing-zone identification. This is worth mentioning that writing-zone identifica-
tion is an important task in character generation process as it plays a prominent role
during postprocessing. Two different approaches for handwritten character recog-
nition system for Gurmukhi script based on zone identification technique has thus
been proposed in this work. The dataset consisting of basic characters; characters
with vowel modifiers; and characters with subjoined symbols, have been considered
for conducting experiments. In the first approach, stroke zone is identified before
preprocessing and then corresponding classifier of that zone is called to identify the
class of stroke. Here, an accuracy of 95.3% has been achieved for zone identifica-
tion, whereas, a character recognition accuracy of 74.8% has been achieved. In the
second approach, a single HMM-based classifier is trained with 74 stroke classes
from all writing zones. A more efficient zone identification algorithm has also been
implemented having zone identification accuracy of 97.7%. Stroke zone information
has been used to form the final character. In this experiment, an accuracy of 88.4%
has been achieved for character identification for Gurmukhi script.

A new approach for improving the efficiency of HMM-based classifiers has also
been proposed in this work. In this approach, a modified HMM (7, A, B) has
been proposed wherein auxiliary information available on a large population data

is used. As such, HMM for a given feature has been modified using the auxiliary
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information available for other feature. On an average, an improvement of 4.5%
in the recognition rate has been seen for HMMs with auxiliary information based

approach in comparison to HMMs built using conventional approach.

7.2 Scope for future work

In this thesis, an attempt has been made to propose an efficient system for recognition
of online handwritten Gurmukhi characters. Various classification techniques have been
attempted for achieving higher performance. Two writing-zone identification algorithms
have also been proposed in this thesis. The work presented in this thesis can be extended

in many ways. Some of the ways are:

1. In order to select the optimal hyperparameters for SVM classifiers, two different
approaches, namely, empirical approach and grid-search approach have been used
in this work. As a further work in this direction, one can explore achieving higher
recognition rates for a given feature set by using other strategies, like, randomized
parameter optimization, brute force method, Bayesian and gradient-based opti-
mization. The window size of preprocessed strokes can also be experimented for
improvements in stroke recognition rates.

2. Classification techniques based on multilayer perceptron and linear discriminant
analysis (LDA) for different feature combinations can also be explored. One can
also explore the effect of training data on recognition rates of classification models.

3. For further improvements in recognition of writing-zone, one can consider using
information about the Y,,;, and Y}, of all strokes in a character/word. To improve
writing-zone identification, one can also work on dynamically calculating the zone
boundaries based on position of nearby strokes in the character.

4. The postprocessing phase can be augmented by building a statistical model for
sequence of strokes, which can replace the rule based approach used in recognition
of characters. One can also propose a postprocessing algorithm wherein different

Unicode combinations generate characters of Gurmukhi script, even more efficiently.
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