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Abstract

Over the last few years, a good number of laboratories all over the world have been
involved in research on handwriting recognition. Handwriting recognition is a complex
problem owing to the issues of variations in writing styles and size of the characters etc. The
main objective of this work is to develop an offline handwritten Gurmukhi script recognition
system. Gurmukhi is the script used for writing Punjabi language which is widely spoken in

certain regions of north India.

This thesis is divided into eight chapters. A brief outline of each chapter is given in the

following paragraphs.

The first chapter introduces the process of OCR and various phases of OCR like
digitization, pre-processing, segmentation, feature extraction, classification and post-
processing. Applications of offline handwritten character recognition system are also
discussed in this chapter. In an overview of Gurmukhi script, the nature of handwriting in
Gurmukhi script and character set of Gurmukhi script has also been presented. Major

contributions and assumptions in this research work have also been discussed in this chapter.

Chapter 2 contains a review of literature on various methods used for non-Indian and
Indian scripts recognition. In this chapter, a detailed literature survey on established
procedures for numeral and character recognition techniques has been presented. We have
reviewed literature for different scripts, namely, Arabic, Bangla, Devanagari, French,
Guijarati, Gurmukhi, Kannada, Japanese, Malayalam, Oriya, Roman, Tamil, Telugu and Thai

in this thesis.

Chapter 3 describes essential phases of an offline handwritten Gurmukhi script
recognition system. These have been discussed in four sections entitled data collection phase,
digitization phase, pre-processing phase and segmentation phase. In data collection phase, we
have collected 300 samples of offline handwritten Gurmukhi script documents. These
documents have been divided into three categories. Category 1 consists of one hundred
samples of offline handwritten Gurmukhi script documents where each Gurmukhi script

document is written by a single writer. Category 2 contains one hundred samples where each



Gurmukhi script document is written ten times by ten different writers. In category 3, one
Gurmukhi script document is written by one hundred different writers. These samples of
offline handwritten Gurmukhi script documents of different writers have been collected from
schools, colleges, government offices and other public places. In digitization phase, the
procedure to produce the digital image of a paper based handwritten document has been
presented. In pre-processing phase, size normalization and thinning of text has been done. In
segmentation phase, a new technique has been proposed for line segmentation of offline
handwritten Gurmukhi script document. Line segmentation accuracy of about 98.4% has
been achieved with the use of this technique. Water reservoir based method has also been

implemented for touching character segmentation with an accuracy of 93.5%.

Chapter 4 presents a framework for grading of writers based on offline Gurmukhi
characters. Samples of offline handwritten Gurmukhi characters from one hundred writers
have been taken in this work. In order to establish the correctness of our proposed approach,
we have also considered Gurmukhi characters taken from five Gurmukhi fonts. These fonts
are: amrit, GurmukhiLys, Granthi, LMP_TARAN and Maharaja (Fi, F», ..., Fs, respectively).
For training data set of handwriting grading system, we have used printed Gurmukhi font
Anandpur sahib. Some of statistical features, namely, zoning features, diagonal features,
directional features, intersection and open end points features have been used to assign a
unique classification score to a writer. The gradation results are based on the values obtained

by two classifiers, namely, Hidden Markov Model (HMM) and Bayesian classifier.

Chapter 5 presents curve fitting based novel feature extraction techniques, namely,
parabola curve fitting based features and power curve fitting based features for offline
handwritten Gurmukhi character recognition. In order to assess the quality of these features
in offline handwritten Gurmukhi character recognition, the performance of the recently used
feature extraction techniques, namely, zoning features, diagonal features, directional features,
transition features and intersection and open end points features have been compared with
these proposed feature extraction techniques. Each technique has been tested on 5600
samples of isolated offline handwritten Gurmukhi characters. The classifiers that have been
employed in this work are k-Nearest Neighbours (k-NN) and Support Vector Machine (SVM)
with three flavors, i.e., Linear-SVM, Polynomial-SVM and RBF-SVM. The proposed system

achieves maximum recognition accuracy of 97.9%, 94.6%, 94.0% and 92.3% using k-NN,



Linear-SVM, Polynomial-SVM and RBF-SVM classifier, respectively, when power curve
fitting based features are used in classification process. As such, the results obtained using
power curve fitting based features are promising. It has also been seen that the results
achieved using parabola curve fitting based features are also better than the other recently
used feature extraction techniques. A maximum recognition accuracy of 95.4% has been

achieved when the parabola curve fitting based features were used with k-NN classifier.

In Chapter 6, we have presented an offline handwritten Gurmukhi character recognition
system using zoning based novel feature extraction methods and k-fold cross validation
technique. In this work, we have used various feature extraction techniques, namely, zoning
features, diagonal features, directional features, intersection and open end points features,
transition features, shadow features, centroid features, peak extent based features and
modified division point based features for offline handwritten Gurmukhi character
recognition. For classification, we have considered k-NN, Linear-SVM, Polynomial-SVM
and MLPs classifier. In this study, we have considered 5600 samples of isolated offline
handwritten Gurmukhi characters. We have concluded that peak extent based features are
preeminent features than other feature extraction techniques. Using 5-fold cross validation
technique, we have achieved recognition accuracy, with peak extent based features, of
95.6%, 92.4%, 95.5% and 94.7% with Linear-SVM, Polynomial-SVM, k-NN and MLPs

classifier, respectively.

Chapter 7 presents a Principal Component Analysis (PCA) based offline handwritten
Gurmukhi character recognition system. PCA is used for extracting more representative
features for data analysis and to reduce the dimensions of data. In this work, we have
collected 16,800 samples of isolated offline handwritten Gurmukhi characters. These samples
are of three categories. In category 1, each Gurmukhi character has been written 100 times by
a single writer (5600 Samples). In category 2, each Gurmukhi character has been written 10
times by 10 different writers (5600 Samples). For category 3, we have again collected each
Gurmukhi character written by 100 writers (5600 Samples). Here, we have also used
different combinations of classifiers as LPR (Linear-SVM + Polynomial-SVM + RBF
kernel), LRK (Linear-SVM + Polynomial-SVM + k-NN), PRK (Polynomial-SVM + RBF-
SVM + k-NN) and LRK (Linear-SVM + RBF-SVM + k-NN) for recognition purpose. We

have used different combinations of output of each classifier in parallel and recognition is



done on the basis of voting scheme. The partition strategy for selecting the training and
testing patterns has also been experimented in this work. We have used all 16,800 images of
offline handwritten Gurmukhi characters for the purpose of training and testing. The
proposed system achieves a recognition accuracy of 99.9% for category 1 samples, of 99.7%
for category 2 samples and of 92.3% for category 3 samples. In this chapter, we have also
presented a hierarchical technique for offline handwritten Gurmukhi character recognition. In
this technique, we have proposed a strong feature set of 105 feature elements using four types
of topological features, namely, horizontally peak extent features, vertically peak extent
features, diagonal features, and centroid features. We have also applied various feature set
reduction techniques, namely, Principal Component Analysis (PCA), Correlation Feature Set
(CFS) and Consistency Based Feature Set (CON). We have seen that PCA performs better
than other feature selection techniques for character recognition. A maximum recognition
accuracy of 91.8% has been achieved with hierarchical technique when we considered PCA

based feature set and Linear-SVM classifier with 5-fold cross validation technique.

Finally, Chapter 8 presents the conclusion drawn from the results of various
experiments conducted in this thesis. Also, some pointers to the future research on the topics

considered in this thesis are discussed briefly.
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Chapter 1
Introduction

Nowadays, computers have a great influence on us and we process almost all the
important works of our lives electronically. Keeping in mind the usage of computers these
days, we need to develop efficient, easy and fast methods for data transfer between human
beings and computers. Document Analysis and Recognition (DAR) systems play a major role
in data transfer between human beings and computers. Optical Character Recognition (OCR)
system is an essential part of a document analysis and recognition system. OCR systems have
been developed to recognize printed texts as well as handwritten texts. Handwritten text
recognition systems essentially provide an interface for improving communication between
users and computers. These empower computers to read and process handwritten documents.
These systems shall further contribute significantly in bridging the gap between man and
machine. Although, many researchers have worked to recognize the characters of Indian
scripts, the problem of data exchanging between people and machines is still a challenge in
these scripts. The work carried out in this thesis addresses the problem of handwritten
character recognition for Gurmukhi script. Gurmukhi script is used to write Punjabi
language. This language is one of the official languages of India. Gurmukhi script is the tenth

most widely used script in the world.

1.1 Background of character recognition systems

Character recognition is a process that associates a predefined code to the objects

(letters, symbols and numerals) drawn on a surface (electronic or paper). Research work in
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the field of character recognition has been going on at a rapid pace throughout the world
since the late sixties. Due to the complex nature of character recognition field, it is an active
area of research even now. Character recognition systems can be classified into a number of
categories based on data acquisition process, as shown in Figure 1.1.
In further sub-sections, these categories have been described, in brief.

Character
Recognition
|
| l
Printed Character Handwritten Character
Recognition Recognition
| |
¥ ¥ ¥ ¥
Good Quality Degraded Online Offline
Printed Printed Handwritten Handwritten
Character Character Character Character
Recognition Recognition Recognition Recognition

Figure 1.1: Character recognition systems, a representative classification

1.1.1 Printed character recognition

Printed character recognition systems deal with the recognition of machine printed
characters. In these systems, a printed document is first scanned and converted into a
machine processable format. These machine processable images are further pre-processed
and segmented to character level for extracting features from it. These features are now used
to recognize a character. As of now, the problem of printed character recognition has
considerably been solved. Various commercial and precise systems are now available for

printed text recognition.

The printed character recognition can be divided further into two types: good quality

printed character recognition and degraded printed character recognition.



Chapter 1. Introduction 3

1.1.1.1 Good quality printed character recognition

Good quality printed characters are those characters that are noiseless, sharp and well
printed. A reasonably good recognition accuracy has been achieved by researchers for this
category of characters for various scripts around the world. This accuracy is, probably,
sufficient for many real-life applications.

1.1.1.2 Degraded printed character recognition

Degraded printed characters include touching characters, broken characters, heavily
printed characters and characters with backside text visibility. These types of degradations in
the scanned text image occur from various sources, such as defects in the paper, defects
introduced during printing, defects introduced during digitization through scanning and
defects introduced during copying through photocopiers and fax machines. One needs to
address these issues while dealing with degraded printed character recognition.

1.1.2 Handwritten character recognition

Handwritten character recognition systems deal with the recognition of characters that are
written by users on a paper or on an electronic surface using a special device. Unfortunately,
achievements acquired in the printed character recognition systems cannot be transmitted
automatically to the handwritten character recognition systems. Handwritten character
recognition has two streams: online handwritten character recognition and offline

handwritten character recognition. These are described, in brief, in the next two sub-sections.

1.1.2.1 Online handwritten character recognition

In online handwritten character recognition, one writes on an electronic surface with the
help of a special pen and the data, in the form of (x, y) coordinates, is captured during the
writing process. A number of devices including personal digital assistant and tablet PCs are

available these days that can be used for data capturing. In these systems, characters are
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captured as a sequence of strokes. Features are then extracted from these strokes and strokes
are recognized with the help of these features (Table 1.1). Generally, a post-processing
module helps in forming the characters from the stroke(s).

1.1.2.2 Offline handwritten character recognition

Offline Handwritten Character Recognition system, commonly abbreviated as offline
HCR, is the process of converting offline handwritten text into a format that is understood by
machine. It involves processing of documents containing scanned images of a text written by
a user, generally on a sheet of paper. In this kind of systems, characters are digitized to obtain

2D images.

Table 1.1 shows the comparison between online handwritten character recognition and
offline handwritten character recognition. As given in Table 1.1, offline handwritten
character recognition is significantly different from online handwritten character recognition,
because here, stroke information is not available. Recognition speed and accuracy of offline
handwritten character recognition system is also less than online handwritten character

recognition system.

Table 1.1: Comparison between online and offline handwritten character recognition

Sr. No , : Online handwritten Offline handwritten
- NO- 1 Basis of comparison - -
character recognition character recognition
1. Stroke information Yes No
. Number of samples/second )
2. Description of raw data + Number of dots/inch Number of dots/inch
3. Writing media Digital pen on an electronic Paper document
surface
4. Recognition speed Sufficiently high Low
5. Accuracy Sufficiently high Low

Most of the published work on optical character recognition of Indian scripts deals with
printed characters whereas a few articles deal with the handwritten character recognition

problem. These articles mainly deal with Bangla, Devanagari and Kannada scripts. The
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pioneering work in Bangla, Devanagari and Kannada scripts has been done by Pal and
Chaudhuri (1994), Bansal and Sinha (2002) and Ashwin and Sastry (2002), respectively.

The work presented in this thesis is an effort towards the recognition of offline
handwritten Gurmukhi script. This work will also facilitate the progress of the expansion of
such systems for recognition of handwritten texts of other Indian scripts that are structurally

similar to Gurmukhi script.

Recognition of offline handwritten documents is an active research area in the field of
pattern recognition. Over the last couple of years, a number of laboratories all over the world
have been involved in research on handwriting recognition. The recognition of cursive
handwriting is very difficult due to a large number of variations found in shapes and
overlapping of characters. In the offline handwriting recognition system, the pre-written text
document is converted into a digital image through an optical scanner. In a handwritten text,

there is a good amount of variation in the writing style and size of a character etc.

One can find handwritten documents at various places such as post offices, banks,
insurance offices, and colleges etc. In these places, one may note that a huge amount of
handwritten data is being generated in the form of faxes, data collected through forms, postal
addresses, signatures etc. In these circumstances, this proposed research would be highly
beneficial for the recognition of handwritten documents. Numerous researchers have been
trying to tackle this problem, but an integrated solution to this problem has not been achieved

yet.

This research work describes the design of a system that can convert offline handwritten
Gurmukhi script documents into a machine processable format. Offline handwritten
Gurmukhi script recognition offers a new way to improve the interface between human
beings and computers. As such, in this work, we have focused on offline handwritten

Gurmukhi script recognition. Gurmukhi script has been introduced in Section 1.4.
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1.2 Stages of an offline handwritten character recognition system

A typical offline handwritten character recognition system involves activities, namely,
digitization, pre-processing, segmentation, feature extraction, classification and post-

processing. The sequence of these activities is shown in Figure 1.2.

1.2.1 Digitization

Converting a paper based handwritten document into an electronic form is referred as
digitization. The electronic conversion is carried out using a process wherein a document is
scanned and then a bitmap image of the original document is produced. Digitization yields

the digital image which is then fed to the pre-processing phase.

Handwritten Document

Digitization

Pre-processing

Segmentation

y

Feature extraction

y

Classification

y

Post-processing

;

Recognized Character
Figure 1.2: Block diagram of offline HCR system
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1.2.2 Pre-processing

Pre-processing is the preliminary stage of character recognition. It encompasses skew
detection and correction, skeletonization, and noise reduction/removal. Skewness means the
tilt of the bit mapped image of the scanned document. It usually surfaces when the document
is not correctly fed to the scanner. Skeletonization is applied in order to decrease the line
width of the text from several pixels to a single pixel. Noise removal is carried out to remove
those unwanted bits that do not play a substantial role in the document. After pre-processing,

we have the digital document that is inputted to the segmentation phase.

1.2.3 Segmentation

In character recognition, the process of segmentation plays a very important role.
Segmentation is used to break the document into lines, words and characters (akhars). For
the task of segmentation, an algorithm is used to find the segmentation points in a
handwritten document. Gurmukhi script document can be segmented into paragraphs, lines,
words and characters. The challenge of a segmentation technique lies in the detection of the
best segmentation point for lines, words and characters in isolation. Incorrect segmentation
can lead to the incorrect recognition. Segmentation of a handwritten text is a challenging task

owing to a variety of writing styles.

1.2.4 Feature extraction

Feature extraction is an important task of the recognition process which is used to
measure the relevant shape contained in the character. In the feature extraction phase, one
can extract the features of the character. The performance of the recognition system depends
on features which are being extracted. In OCR applications, it is essential to extract those
features that will make possible the system which can differentiate between all the character
classes that exist. The extracted features may be structural or statistical based. Structural

features depict a pattern in terms of its topology and geometry by giving it local and global
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properties. Characteristics of the distribution of pixel values on the bitmap image are

captured as statistical features.

1.2.5 Classification

Classification phase is the phase of an OCR system wherein one makes the decisions. It
uses the features extracted in the feature extraction stage, for making class membership in the
recognition system. The preliminary aim of the classification phase of an OCR system is to
develop a constraint that can help to reduce the misclassification relevant to feature
extraction. Effectiveness of any character recognition system is highly dependent on the
capability of identifying the unique features of a character and the capability of the classifier
to relate features of a character to its class. Various classification methods, namely, k-Nearest
Neighbours (k-NN), Hidden Markov Model (HMM), Support Vector Machines (SVMs) and

Bayesian etc. exist in literature.

1.2.6 Post-processing

OCR results, in general, contain errors since classification phase does not always give
one hundred percent accurate results. To further refine the results of classification, post-
processing is applied. There are two most commonly used post-processing techniques for
error correction. These are (i) dictionary lookup and (ii) statistical approach (Lehal and
Singh, 2002).

1.3 Applications of offline handwritten character recognition system

In this section, we have discussed some important applications of offline handwritten

character recognition system.

e Handwritten notes reading: Offline handwritten character recognition system can be
used for reading handwritten notes. Notes are, normally, used to record facts, topics, or

thoughts, written down as an assist to memory.
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e Cheque reading: Offline handwritten character recognition system can be used for
cheque reading in banks. Cheque reading is a very important commercial application of
offline handwritten character recognition system. Offline handwritten character
recognition system plays a very important role in banks for signature verification and for

recognition of amount filled by user.

e Postcode recognition: Offline handwritten character recognition system can be used for
reading handwritten postal address on letters. Offline handwritten character recognition
system can also be used for recognition of handwritten digits of postcodes. This system
can read these codes and help to sort mails automatically.

e Form processing: Offline handwritten character recognition system can also be used for
form processing. Forms are normally used to collect information from the public. This

information can be processed by using a handwritten character recognition system.

e Signature verification: Offline handwritten character recognition system can be used to
identify a person through her signature. Signature identification is the specific field of
handwriting OCR in which the writer is verified by some specific handwritten text.
Offline handwritten character recognition system can be used to identify a person by

handwriting, as handwriting varies from person to person.

1.4 Overview of the Gurmukhi script

Gurmukhi script is the script used for writing Punjabi language and is derived from the
old Punjabi term “Guramukhi”, which means “from the mouth of the Guru”. Gurmukhi script
is the 10™ most widely used script in the world [Source: Growth of Scheduled Languages:
1971, 1981, 1991, 2001 and 2011, Census of India, Ministry of Home Affairs, Government
of India]. The writing style of the Gurmukhi script is from top to bottom and left to right.
Gurmukhi script has three vowel bearers, thirty two consonants, six additional consonants,
nine vowel modifiers, three auxiliary signs, and three half characters. In Gurmukhi script,

there is no case sensitivity. The character set of the Gurmukhi script is given in Table 1.2.
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The present study is focused on recognizing these characters written in offline handwriting

mode.
Table 1.2: Gurmukhi characters and their names
S.No. | Character | Character name | S. No. | Character | Character name
1 S, ira 2 " aird
3 c il 4 H sassa
5 J haha 6 d kakka
7 o Khakkha 8 dl gaga
9 u ghaged 10 ] hannd
11 d cacca 12 [ chaccha
13 G jujia 14 S jhajja
15 = Naiiiia 16 [S tairika
17 ) thattha 18 E dadda
19 < dhadda 20 < nana
21 3 tatta 22 g thattha
23 < dadda 24 4 dhadda
25 [9) Nanna 26 U papa
27 [5 ohapphd 28 g babba
29 Ef bhabbha 30 H mamma
31 5! yayya 32 d rara
33 3 lalla 34 < vava
35 3 rara 36 H shashsha
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37 | zazzd 38 Y khakkha
39 [ faffa 40 di gaga
41 Re) lalla

There are some special characters and vowels in Gurmukhi script. These special

characters and vowels used in Gurmukhi script have been listed in Table 1.3.

Table 1.3: Special Gurmukhi characters and their names

S. S.
Character Character name Character Character name
No. No.
1 T kanna Vowel | 8 " tippt Vowel
2 h f&}ﬂy&nt Vowel 9 - muktii YVowel
3 = dulamvam Vowel 10 B aunkar Vowel
4 f sihart Vowel | 11 _ dulairikar Vowel
5 . N 12 airim Special
r]‘ bihart Vowel ) P el p
rara character

6 - hora vowel | 13 i pairim Special

] haha character
7 - kanaura Vowel | 14 . bindr Vowel

In Gurmukhi script, most of the characters have a horizontal line at the upper part called

headline, and thus, characters are connected with each other through this line. Figure 1.3

illustrates a sample offline handwritten Gurmukhi script document.

%mﬁz‘aﬁm W‘ﬁ!ﬁui&i@&ﬂzﬁﬁﬁ‘mﬁ
e T ot st & B " USE RE;
Wﬁqﬁﬂwmi;ﬁ?}m—mﬁ%;m fuss
wfoerte £ et wd et yme R wer Swdw
Juter Ta1 el W mon P D TEEh s X um
w3 B wdt as 3, e Stowa e, W wrad)

Figure 1.3: Sample of handwritten Gurmukhi script document
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Gurmukhi words can be divided into three different zones: the upper zone, the middle

zone and the lower zone-as shown in Figure 1.4.

1 UPPER LINE
. O UPPER ZONE (a)
- HEADLINE
J

] MIDDLE zoNE (b)
4 BASELINE
5 LOWER LINE — LOWER ZONE (c)

Figure 1.4 Gurmukhi script word (B?quEEI): (a) upper zone from line number 1 to 2,
(b) middle zone from line number 3 to 4, (c) lower zone from line number 4 to 5

1.5 Objectives of this work

The objectives of the proposed study are outlined as follows:

1. To study and implement existing algorithms and methods like Bengal Engineering and
Science University Shibpur (BESUS) algorithm, Democritus University of THrace-
Adaptive Run Length Smearing Algorithm (DUTH-ARLSA), Institute of Language and
Speech Processing-Line and Word Segmentation (ILSP-LWSeg) algorithm, and
University of Athens-Hough Transformation (UoA-HT) for line and word segmentation
of a handwritten document. A new algorithm will be proposed for segmentation of lines

for the offline handwritten Gurmukhi script document.

2. To explore existing features (structural and statistical) and to propose innovative features
for offline handwritten Gurmukhi script recognition.
3. To explore HMM, ANN, k-NN and SVM classifiers and to propose efficient

combinations of these in the form of multiple classifiers.

In order to achieve these objectives, a detailed survey of literature on different stages of a
Handwritten Character Recognition (HCR) system has been done. Statistical features have
been used for constructing a feature vector for recognition purpose. Various classifiers such
as k-NN, HMM, SVM, Bayesian and MLP have been used for recognition purpose.
Combinations of these classifiers have also been employed for offline handwritten Gurmukhi

character recognition in the work carried out for this thesis.
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1.6 Assumptions

We have considered the following constraints while performing experiments in this thesis.

1. The handwritten documents have been scanned at 300 dpi resolution.

2. The text considered in this work is free from noise. Skew detection/correction is also not
required.

3. The data considered in this work does not contain any non-text items such as images,

figures etc.

1.7 Major contributions and achievements

The major contributions of this thesis can be summarized as follows:

1. A detailed survey of literature on different stages of an OCR system has been done. Also,
survey of literature of Indian scripts recognition and handwritten text recognition has
been done.

2. Various segmentation algorithms such as strip based projection profiles, smearing
technique, and water reservoir based concept have been used for segmentation of offline
handwritten Gurmukhi script document.

3. Statistical features have been used for constructing a feature vector for recognition
purpose.

4. Efficient features, namely, parabola curve fitting based features, power curve fitting
based features, peak extent based features and modified division points based features
based on the statistical properties, have been proposed for offline handwritten Gurmukhi
character recognition.

5. A handwriting grading system based on Gurmukhi characters using HMM and Bayesian
classifiers has been presented.

6. A system for offline handwritten Gurmukhi character recognition based on PCA is also

presented.
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7. Various classifiers such as k-NN, HMM, SVMs, Bayesian and MLP have been used for
recognition purpose.
8. Combinations of different classifiers have also been employed for offline handwritten

Gurmukhi character recognition.

1.8 Organization of thesis

The main objective of this thesis is to develop an offline handwritten Gurmukhi script
recognition system. We have recognized offline handwritten Gurmukhi characters with
different recognition methods. We have also implemented a handwriting grading system
based on offline Gurmukhi characters. The organization of the thesis is briefly outlined as

below.

In the present chapter, we have discussed various phases of OCR system and issues
related to offline handwritten Gurmukhi script recognition. An overview of Gurmukhi script
is also given in this chapter. In Chapter 2, a review of literature has been presented on non-
Indian and Indian scripts recognition systems. This review of literature provides essential
background knowledge of handwriting recognition. In addition, we have also presented
recognition results of other researchers reported in literature. Chapter 3 demonstrates the data
collection, digitization and pre-processing of documents. In this chapter, we have explained
procedures to segment offline handwritten Gurmukhi script document into lines, words and
characters with methods, such as, strip based projection profiles, smearing technique, and
water reservoir based concept. In Chapter 4, we have presented a framework for grading of
writers based on offline Gurmukhi characters. In this work, HMM and Bayesian decision
making classifiers have been used for classification and grading. In Chapter 5, we have
presented two novel feature extraction techniques, namely, parabola curve fitting based
features and power curve fitting based features. In this chapter, we have also analyzed the
performance of other recently used feature extraction technigues, namely, zoning features,
diagonal features, directional features, intersection and open end points features; and
transition features. Chapter 6 demonstrates an offline handwritten Gurmukhi character

recognition system using k-fold cross validation technique. In this work, we have explored
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shadow features, centroid features, peak extent based features and modified division points
based features. In Chapter 7, we have presented a PCA based offline handwritten Gurmukhi
character recognition system and have also proposed a hierarchical feature extraction
technique for offline handwritten Gurmukhi character recognition. In this chapter, we have
used k-NN, Linear-SVM, Polynomial-SVM and RBF-SVM classifiers and their
combinations for classification purpose. Various feature selection techniques have also been
used in this work. Finally, we have presented the conclusions and the future scope of this
work in Chapter 8.



Chapter 2
Review of Literature

In this work, literature review has been divided into two parts. In first part, the literature
dealing with the recognition of non-Indian scripts has been reviewed; and in the second part,
literature review has been carried out for Indian scripts. The efforts in these two directions
are included in section 2.1 and section 2.2 of this chapter. Section 2.3 of this chapter is
devoted to brief explanation of existing algorithms used in this work; section 2.4 presents
recognition accuracy achieved for different scripts; section 2.5 presents recognition accuracy
achieved for complete set of aksharas in different scripts and section 2.6 presents a summary
of this chapter.

2.1 Recognition of non-Indian scripts

2.1.1 Arabic

Arabic script is used for writing Arabian and Persian languages. Almuallim and
Yamaguchi (1987) have presented a recognition system for Arabic script. They have used
geometrical and topological features for recognition. Impedovo and Dimauro (1990) have
proposed a method based on Fourier descriptors for recognition of handwritten Arabic
numerals. Roy et al. (2004a) have presented a postal automation system for sorting of postal
documents written in Arabic. They have employed a two-stage Multi-Layer Perceptron
(MLP) based classifier to recognize Bangla and Arabic numerals. They have obtained
maximum recognition accuracy of about 92.1% for handwritten numerals. Lorigo and
Govindaraju (2006) have presented a critical review on offline Arabic handwriting

recognition systems. They have presented various techniques used for different stages of the

16
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offline handwritten Arabic character recognition system. Izadi et al. (2006) addressed the
issues in Arabic alphabet, adopted and evolved, for writing Persian language. Abd and
Paschos (2007) have achieved a recognition accuracy of 99.0% with Support Vector Machine
(SVM) for Arabic script. Alaei et al. (2009) have presented a handwritten Arabic numeral
recognition system using a five-fold cross validation technique. They have achieved a
recognition accuracy of 99.4% on a 10-class problem with 20,000 samples in testing data set.
Alaei et al. (2010a) have proposed a technique for segmentation of handwritten Persian
script text lines into characters. The proposed algorithm finds the baseline of the text image
and straightens it. They have extracted features using histogram analysis and removed
segmentation points, using baseline dependent as well as language dependent rules. They
have achieved a maximum segmentation accuracy of 92.5%. Alaei et al. (2010b) have
proposed an isolated handwritten Persian character recognition system. They employed
SVM for classification and achieved a recognition accuracy of 98.1% with modified chain
code features. Kacem et al. (2012) have used structural features for recognition of Arabic

names.

2.1.2 French

Grosicki and Abed (2009) proposed a French handwriting recognition system in a
competition held in ICDAR-2009. In this competition, they have presented comparisons
between different classification and recognition systems for French handwriting recognition.
Tran et al. (2010) have discussed the problem of French handwriting recognition using
24,800 samples. They have worked on both, online and offline handwritten character

recognition.

2.1.3 Japanese

Nakagawa et el. (2005) have presented a model for online handwritten Japanese text
recognition which is free from line direction constrains and writing format constraints. Zhu et
al. (2010) have described a robust model for online handwritten Japanese text recognition.

They obtained a recognition accuracy of 92.8% using 35,686 samples.
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2.1.4 Roman

Schomaker and Segers (1999) have proposed a technique for cursive Roman handwriting
recognition using geometrical features. Park et al. (2000) have presented a hierarchical
character recognition system for achieving high speed and accuracy by using a multi-
resolution and hierarchical feature space. They obtained a recognition rate of about 96%.
Wang et al. (2000) have presented a technique for recognition of Roman alphabets and
numeric characters. They achieved a recognition rate of about 86%. Bunke and Varga (2007)
have reviewed the state of the art in offline Roman cursive handwriting recognition. They
identified the challenges in Roman cursive handwriting recognition. Liwicki and Bunke
(2007) have combined the online and offline Roman handwriting recognition systems using a
new multiple classifier system. They obtained a maximum recognition accuracy of 66.8% for
the combination of online and offline handwriting recognition. Schomaker (2007) has
presented a method for retrieval of handwritten lines of text in historical administrative

documents.

2.1.5 Thai

Karnchanapusakij et al. (2009) have used linear interpolation approach for online
handwritten Thai character recognition. They have achieved a recognition accuracy of
90.9%.

2.2 Recognition of Indian scripts

2.2.1 Bangla

A good number of researchers have worked for recognition of handwritten characters in
Bangla script. Bangla script is used for writing Bengali and Assamese languages. Dutta and
Chaudhury (1993) have presented a method for isolated Bangla alphabets and numerals
recognition using curvature features. Pal and Chaudhuri (1994) have proposed a character

recognition method using tree classifier. Their method is reported to be fast because pre-
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processing like thinning is not necessary in their scheme. They have achieved a recognition
accuracy of 96.0% using 5,000 characters data set. Bishnu and Chaudhuri (1999) have used a
recursive shape based technique for segmentation of handwritten Bangla script documents.
Pal et al. (2003) have proposed a technique for segmentation of unconstrained Bangla
handwritten connected numerals. They achieved a segmentation accuracy of 94.8%. Roy et
al. (2004b) have presented a handwritten numeral recognition system for Indian postal
automation and achieved a recognition accuracy of 92.1%. They first decompose the image
into blocks using Run Length Smearing Algorithm (RLSA). Now, non-text blocks are
detected using the black pixel density and number of components inside a block.
Bhattacharya et al. (2006) have proposed a scheme for Bangla character recognition for 50-
class problem. They have achieved a recognition accuracy of 94.7% and 92.1% for training
and testing, respectively. Pal et al. (2006a) have proposed a technique for slant correction of
Bangla characters based on Modified Quadratic Discriminant Function (MQDF). They have
tested their system with Bangla city name images and achieved a recognition accuracy of
87.2%. Bhattacharya et al. (2007) have proposed an approach for online Bangla handwritten
character recognition. They developed a 50-class recognition problem and achieved an
accuracy of 92.9% and 82.6% for training and testing, respectively. Pal et al. (2007a) dealt
with recognition of offline handwritten Bangla compound characters using MQDF. The
features used for recognition are mainly based on directional information obtained from the
arc tangent of the gradient. They obtained 85.9% recognition accuracy using 5-fold cross
validation. Pal et al. (2008) have proposed a technique for Bangla handwritten pin code
recognition system. Bhowmik et al. (2009) have presented a SVM based hierarchical
classification scheme for recognition of handwritten Bangla characters. They have achieved
accuracies of MLP, RBF and the SVM classifiers are 71.4%, 74.6% and 79.5%, respectively.

Reddy et al. (2012a) have presented a handwritten numeral recognition system that can
be used for both online and offline situations for Assamese language. For online handwritten
numeral recognition, they have used x and y coordinates for feature extraction and HMM
classifier for recognition. For offline numeral recognition, they have considered projection
profile features, zonal discrete cosine transforms, chain code histograms and pixel level

features and Vector Quantization (VQ) classifier for recognition. They have achieved a
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recognition accuracy of 96.6% and 97.6% for online and offline handwritten numerals,
respectively. Reddy et al. (2012b) have also presented an HMM based online handwritten
digit recognition system using first and second order derivatives at each point as features.
They obtained a recognition accuracy of 97.1% on 18,000 samples testing data set. Sarma et
al. (2013) have presented a handwritten Assamese numeral recognition system using HMM
and SVM classifiers. They have achieved a recognition accuracy of 96.5% and 96.8% with
HMM and SVM classifiers, respectively.

2.2.2 Devanagari

Devanagari script is used for writing four languages, namely, Hindi, Marathi, Nepali and
Sanskrit. Sethi and Chatterjee (1976) have reported work on Devanagari numeral
recognition. They have used binary decision tree classifier for recognition. Bansal and Sinha
(2000) have also developed a technique for Devanagari text recognition. In this technique,
they recognize a character in two steps. In the first step, they recognize the unknown stroke
and in the second step, they recognize the character based on strokes recognized in the first

step.

Joshi et al. (2005) have presented an online handwritten Devanagari character
recognition system. They have proposed structural feature based algorithm for recognition.
Hanmandlu et al. (2007) have used membership functions of fuzzy sets for handwritten
Devanagari script recognition. Pal et al. (2007b) have developed a modified classifier based
scheme for offline handwritten numerals recognition of six widely used Indian scripts. They
have extracted directional features for numeral recognition. They have obtained 99.6%
recognition accuracy. Pal et al. (2007c) have reported a method for offline handwritten
Devanagari character recognition. They have achieved a recognition accuracy of 94.2%.
Kumar (2008) has brought in an artificial intelligence based technique for machine
recognition of handwritten Devanagari script. He has used three levels of abstraction to
describe this technique. Garg et al. (2010) have developed a line segmentation technique for

handwritten Hindi text. Lajish and Kopparapu (2010) have described a technique for online
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handwritten Devanagari script recognition. They have extracted fuzzy direction features for

writer independent Devanagari character recognition.

Marathi is an Indo-Aryan language spoken in the Indian state of Maharashtra and
neighbouring states. Ajmire and Warkhede (2010) have presented a technique based on
invariant moments for isolated handwritten Marathi character recognition. The proposed
technique is size independent. Shelke and Apte (2011) have presented a multi-stage
handwritten character recognition system for Marathi script. They have achieved the
recognition accuracy of 94.2% for testing data set with wavelet approximation features. They
have also achieved 96.2% recognition accuracy for testing samples with modified wavelet
features. Belhe et al. (2012) have presented a Hindi handwritten word recognition system.
They have used HMM and tree classifier for recognition and obtained a recognition accuracy
of 89% using 10,000 Hindi words.

2.2.3 Guijarati

Antani and Agnihotri (1999) are pioneers in attempting Gujarati printed text recognition.
For experimental results, they have used dataset of scanned images of printed Gujarati texts
collected from various internet sites. Dholakia et al. (2005) attempted to use wavelet features
and k-NN classifier on the printed Gujarati text recognition system. They have achieved a
recognition accuracy of 96.7% with k-NN classifier. Prasad et al. (2009) have furnished a
technique called pattern matching for Gujarati script recognition. In this technique, they have

identified a character by its shape.

2.2.4 Gurmukhi

Lehal and Singh (1999) have presented a hybrid classification scheme for printed
Gurmukhi text recognition. Using this scheme, they have achieved a recognition accuracy of
91.6%. A post processor for Gurmukhi script has been proposed by Lehal et al. (2001).
Based on the size and shape of a word, they split the Punjabi corpora into different partitions.

The statistical information of Punjabi language syllable combination corpora look up and
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holistic recognition of most commonly occurring words have been combined to design the
post processor. Jindal et al. (2005) have proposed a solution for touching character
segmentation of printed Gurmukhi script. Also, they have provided a very useful solution for
overlapping lines segmentation in various Indian scripts (2007). They have proposed a
technique for segmentation of degraded Gurmukhi script word into upper, middle and lower
zones. They have also provided a complete recognition system for degraded printed
Gurmukhi script documents. Sharma and Lehal (2006) have presented a technique for
segmentation of isolated handwritten Gurmukhi words. They segmented the words in an
iterative manner by focusing on presence of headline aspect ratio of characters and vertical
and horizontal projection profiles. Sharma et al. (2008) have developed an online
handwritten Gurmukhi script recognition system. They have used the elastic matching
technique in which the character was recognized in two stages. In the first stage, they
recognize the strokes and in the second stage, the character is formed on the basis of
recognized strokes. Sharma et al. (2009) have expounded a method to rectify the recognition
results of handwritten and machine printed Gurmukhi OCR systems. Sharma and Jhajj (2010)
have extracted zoning features for handwritten Gurmukhi character recognition. They have
employed two classifiers, namely, k-NN and SVM. They have achieved maximum

recognition accuracy of 72.5% and 72.0%, respectively with k-NN and SVM.

2.2.5 Kannada

Kannada is one of the most widely used scripts of Southern India and is spoken by more
than fifty million people in India. A little work has been done for handwritten Kannada text
recognition. Ashwin and Sastry (2002) have presented a font and size independent OCR
system for printed Kannada documents. They extracted features based on the foreground
pixels in the radial and the angular directions. They achieved a maximum recognition
accuracy of 94.9% using SVM classifier. Sharma et al. (2006a) have employed a quadratic
classifier for offline handwritten Kannada numerals recognition. They have achieved
maximum recognition accuracy of 98.5% using this technique. Kunte and Samuel (2007)
have presented efficient printed Kannada text recognition system. They considered invariant

moments and Zernike moments as features and Neural Network (NN) as classifier. They
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obtained a recognition accuracy of 96.8% using 2,500 characters. Acharya et al. (2008) have
come up with a handwritten Kannada numerals recognition system. They have used
structural features and multilevel classifiers for recognition. Rajashekararadhya and Ranjan
(2008) have evolved a technique based on zoning and distance metric features. They have
utilized feed forward back propagation neural network and obtained recognition accuracy of
about 98.0% for Kannada numerals. They have also achieved a recognition accuracy of
97.8% for Kannada numerals with zoning and distance metric features and SVM classifier
(2009a). They have utilized Nearest Neighbour classifier for recognition and obtained 97.8%
recognition rate for Kannada numerals (2009b). Rampalli and Ramakrishnan (2011) have
presented an online handwritten Kannada character recognition system which works in
combination with an offline handwriting recognition system. They improved the accuracy of
online handwriting recognizer by 11% when its combination with offline handwriting
recognition system is used. Venkatesh and Ramakrishnan (2011) have presented a technique
for fast recognition of online handwritten Kannada characters. Using this technique, they
obtained an average accuracy of 92.6% for Kannada characters. Ramakrishnan and
Shashidhar (2013) have addressed the challenges in segmentation of online handwritten
isolated Kannada words. They achieved 94.3% segmentation accuracy using attention feed-

based segmentation technique.

2.2.6 Malayalam

Malayalam is one of the popular scripts of Southern India. It is the eighth most widely
used script in India. Lajish (2007) has presented a system based on fuzzy zoning and
normalized vector distance measures for recognition of offline handwritten Malayalam
characters. He has also presented a method for offline handwritten segmented Malayalam
character recognition (Lajish, 2008). John et al. (2007) have presented a method based on
wavelet transform for offline handwritten Malayalam character recognition. Arora and
Namboodiri (2010) have proposed a system for online handwritten Malayalam character
recognition. They have used directional information based features and SVM classifier. Their
system achieves a stroke level accuracy of 95.7%. Rahiman et al. (2010) have evolved an

algorithm which accepts the scanned image of handwritten characters as input and produces
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the editable Malayalam characters in a predefined format as output. Sreeraj and Idicula
(2010) have presented a technique for online handwritten Malayalam character recognition.
They have employed the k-NN classifier and achieved a recognition accuracy of 98.1%.

2.2.7 Oriya

Tripathy and Pal (2004) have segmented Oriya handwritten text using water reservoir
based technique. Roy et al. (2005a) dealt with offline unconstrained handwritten Oriya
numerals recognition. They have achieved a recognition accuracy of 90.4% using NN
classifier with a rejection rate of about 1.84%. Bhowmik et al. (2006) have developed a novel
HMM for handwritten Oriya numerals recognition. They have achieved a recognition
accuracy of 95.9% and 90.6% for training and testing sets, respectively. Pal et al. (2007d)
have put forth an offline handwritten Oriya script recognition system. They have extracted
curvature features for recognition and achieved a recognition accuracy of 94.6% from

handwritten Oriya samples.

2.2.8 Tamil

Aparna et al. (2004) have presented a system for online handwritten Tamil character
recognition. They have used shape based features including dot, line terminal, bumps and
cusp in their work. Deepu et al. (2004) have presented an online handwritten Tamil character
recognition using PCA. Joshi et al. (2004a) have presented comparisons of elastic matching
algorithms for online Tamil handwritten character recognition. They have also presented a
Tamil handwriting recognition system using subspace and DTW based classifiers (Joshi et
el., 2004b). In the subspace methodology the interactions between the features in the feature
space are assumed to be linear. In DTW methodology, they investigated an elastic matching
technique using dynamic programming principle. Prasanth et al. (2007) have described a
character based elastic matching technique for online handwritten Tamil character
recognition. Sundaram and Ramakrishnan (2008) have presented a technique based on Two
Dimensional Principal Component Analysis (2D-PCA) for online Tamil character

recognition. They have achieved a recognition accuracy of 81.1% for Tamil characters using



Chapter 2. Review of Literature 25

2D-PCA. Bharath and Madhvanath (2011) have used HMM for Tamil word recognition
system. They have achieved a maximum recognition accuracy of 98.0%. Sundaram and
Ramakrishnan (2013) have proposed script-dependent approach to segment online
handwritten isolated Tamil words into its constituent symbols. They tested their proposed
scheme on a set of 10, 000 isolated handwritten words. Sundaram and Ramakrishnan (2014)
reduced the error rate of the Tamil symbol recognition system by reevaluate certain decisions
of the SVM classifier.

2.2.9 Telugu

Prasanth et al. (2007) have used elastic matching technique for online handwritten Telugu
character recognition. They have obtained a recognition accuracy of 90.6%. Pal et al.
(2007b) have used direction information for Telugu numeral recognition. They have used a
five-fold and obtained a recognition accuracy of 99.4% for Telugu numeral recognition.
Arora and Namboodiri (2010) have proposed a system for online handwritten Telugu
character recognition. They have achieved a stroke level accuracy of 95.1% for Telugu

character recognition.

2.3 Algorithms used in this work at different stages of recognition system

A typical offline HCR system consists of various activities like digitization, pre-
processing, segmentation, feature extraction, classification and post-processing as discussed
in section 1.3. These activities and the techniques used in these activities, if any, are

described, in brief, in the following sub-sections.

2.3.1 Digitization

All documents in this work are scanned at 300 dots per inch resolution, which is a widely
accepted value. In the OCR system, optical scanners are used, which usually consist of a
transport apparatus and a sensing device that convert light intensity into gray-levels. While

proposing OCR systems, it is a general practice to change the multilevel image into a bi-level



Offline Handwritten Gurmukhi Script Recognition 26

image of black and white pixels. Through the scanning process, a digital image of the
original paper document is captured, which is then input to the pre-processing phase of an
offline HCR system.

2.3.2 Pre-processing

In this phase, the gray level character image is normalized into a window of size 100%100
using Nearest Neighbourhood Interpolation (NNI) algorithm. NNI algorithm is also known as
point sampling algorithm. After normalization, we produce a bitmap image of the normalized
image. Now, the bitmap image is converted into a thinned image using the parallel thinning
algorithm proposed by Zhang and Suen (1984).

2.3.3 Segmentation

Segmentation is a very significant phase of an OCR system. Segmentation is a
complicated task in a handwritten text recognition system. We have implemented two
methods for text line segmentation, namely, projection profiles (Shapiro et al., 1993) and
strip based projection profiles (Arivazhagan et al., 2007) in this work. For word
segmentation, we have considered white space and pitch method. The white space and pitch
method of detecting the horizontal white space between successive words in a line is an
important concept for dividing the handwritten text line. This technique is not useful for
touching and overlapping word segmentation. We have used the water reservoir based
concept for touching characters segmentation (Pal and Dutta, 2003). A new technique, as

discussed in Chapter 3, has also been proposed in this work for line segmentation.

2.3.4 Feature extraction

We have used zoning features, diagonal features, directional features, transition features,
intersection and open end point features for offline handwritten Gurmukhi character
recognition. We have also proposed efficient feature extraction techniques, namely, parabola

curve fitting based features, power curve fitting based features, peak extent based features
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and modified division points based features for offline handwritten Gurmukhi character
recognition which have been discussed in Chapters 5 and 6.

2.3.4.1 Zoning based features [Rajashekararadhya and Ranjan, 2008]

In this technique, we divide the thinned image of a character into n (=100) number of

equal sized zones as shown in Figure 2.1.

Zy | Zy | 23| Za | Zs | Ze | Z7 | Zg | Zo | Zuo
Zi | Z1p | 213 | Zua | Zis | Zae | Za7 | Zig | Zag | Zoo
Zo1 | 2oy | Zo3 | Zoa | Zos | Zos | Zo7 | Zog | Zo9 | Z3o
Z31 | Z3p | 233 | Zas | L35 | Z3e | Za7 | Z3g | Z39 | Zao
2y | Lap | Zaz | Zaa | Zas | Zag | Za7 | Zag | Zag | Zso
Zsy | Zsy | Zs3 | Zsg | Zss | Zse | Zst | Zss | Zso | Zeo
Zoy | Ze2 | Zo3 | Zoa | Zes | Zeo | Zor | Zes | Zeo | Zo
Z11 | Zry | 233 | Zaa | L35 | Zas | Za7 | Z7s | Za9 | Zso
Zg1 | Zs2 | Zs3 | Zoa | Zss | Zso | Zsr | Zss | Zso | Zoo
Zor | Zo2 | Zoz | Zoa | Zos | Zoe | Zor | Zos | Zoo | Z10o

Figure 2.1: Zones of any input character

Now, the number of foreground pixels in each zone is calculated. These numbers p1, pz,
..., Pn, Obtained for all n zones, are normalized to [0, 1] resulting into a feature set of n

elements.

2.3.4.2 Diagonal features [Pradeep et al., 2011]

Diagonal features are hepful in achiving higher accuracy of the recognition system. Here
also, the thinned image of a character is divided into n (=100) zones. Now, diagonal features
are extracted from the pixels of each zone by moving along its diagonals as shown in Figures
2.2 (a) and 2.2 (b).

The steps that have been used to extract these features are:
Step I:  Divide the thinned image into n (=100) number of zones, each of size 10x10 pixels.
Step Il: Each zone has 19 diagonals; foreground pixels present along each diagonal are

summed up in order to get a single sub-feature.
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Step I1l: These 19 sub-feature values are averaged to form a single value which is then
placed in the corresponding zone as its feature.

Step IV: Corresponding to the zones whose diagonals do not have a foreground pixel, the
feature value is taken as zero.

These steps will again give a feature set with n elements.

— b ' DO00000000
4 OO0O0000000
D00 OO0 OO0

1100000000

. |oo1o000000
1 » 0001111000
0000100100
0000001100
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Figure 2.2 (a): Diagonal feature extraction

| A AT iA 7 58580011
AAAATA AT A

Figure 2.2 (b): Diagonals of Z,5 zone

As shown in Figure 2.2 (a), we have divided the handwritten character image into n
(=100) number of zones, each of size 10x10 pixels. Then, we have calculated foreground
pixels in each zone by moving along its diagonal as shown in Figure 2.2 (b). These values of
sub-features are averaged to form a single value and placed in the corresponding zone as its

feature. For example, the zone Z,5 given in Figure 2.2 (b) shall have a feature value of 0.6842.

2.3.4.3 Directional features [Bhattacharya et al., 2007]

In order to extract directional features, the thinned image of a character is divided into n
(=100) zones. The features are then extracted using the starting (x;,y;) and ending (x5, y,)
foreground pixels of each zone by calculating the slope between these points as shown in

Figure 2.3.
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Following steps are used to obtain directional features for a given character.

Step I:  Divide the thinned image into n (=100) zones each of size 10x10 pixels.

Step Il:  Scan the bitmap of character image from left to right and top to bottom.

Step lll: Find the positions of the starting foreground pixel (x;,y;) and the ending
foreground pixel (x;,y,) in each zone and calculate the slope between these points

—1 r2—y1)

using the formula, 8 = tan :
(x2—x1)

Step IV: For the zones with zero foreground pixels, the feature value is taken as zero.

Thus, a feature set of n elements will again be obtained for a given character.
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Figure 2.3: Directional feature extraction

As depicted in Figure 2.3, in zone Z4s, the position of the starting foreground pixel

(x1,v1) is (1, 4) and the ending foreground pixel (x,,y,) is (10, 9). So, the feature value for

(9-4)
(10-1)

this zone is tan™! = 0.5071. If x; is approximately equal to x,, then the value of

feature has been taken as % Similarly, we have calculated the feature values of other zones

for a character.
2.3.4.4 Intersection and open end point features [Arora et al., 2008]
We have also extracted the intersection and open end points for a character. An

intersection point is the pixel that has more than one pixel in its neighbourhood and an open

end point is the pixel that has only one pixel in its neighbourhood.
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Figure 2.4: Intersection and open end point feature extraction

Following steps have been implemented for extracting these features.

Step I: Divide the thinned image of a character into n (=100) zones, each of size 10x10
pixels (Figure 2.4).

Step Il:  Calculate the number of intersections and open end points for each zone.

This will give 2n features for a character image.

2.3.4.5 Transition features [Gader et al., 1997]

Extraction of transition features is based on the calculation and location of transitions
from background to foreground pixels and vice versa in the vertical and the horizontal
directions. To calculate transition information, image is scanned from left to right and top to

bottom. This process, as described below, will give 2n features for a character image.

i L1 OOOPOOPO0
OQOOOOOOOO0 pelelel blelel lele
QOOO0O0O0000 OQOODPOOPHOO
R Y 1 00POOQROO

e et L 1 OPOODHOO
G-ttty B 001111400

OO0 )00 100
QOONO 1 100
OOOPOOP 1 1
OQOODHOOHOO

PavTavarowl ~S U S 5
OOOO001100
OOOO00O00 11
QOOOOODOO0D

L1 (&3 1=

(a) (b)

Figure 2.5: Transition feature extraction, (a) Transitions in horizontal direction, (b)
Transitions in vertical direction.
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As shown in Figure 2.1, we divide the handwritten character image into n (=100) number
of zones, each of size 10x10 pixels. Then we calculate number of transitions in each zone.
The zone depicted in Figure 2.5 (a), contains {0, 0, 0, 1, 2, 2, 4, 2, 2, 0} number of transitions
in horizontal direction and as shown in Figure 2.5 (b), it contains {2, 2, 2, 2, 2, 2, 4, 2, 2, 2}

number of transitions in vertical direction.

Following steps have been implemented for extracting these features.

Step I: Divide the thinned image of a character into n (=100) zones, each of size 10x10.
Step Il:  Calculate number of transitions in horizontal and in vertical directions for each
zone.

2.3.5 Classification

Classification phase uses the features extracted in the previous phase for making class
membership in the pattern recognition system. We have used the following classification

methods in this research work.

2.3.5.1 NN classifier

In the NN classifier, Euclidean distances from the candidate vector to stored vector are

computed. The Euclidean distance between a candidate vector and a stored vector is given

by,

d = XN, (0 — yi)? (2.1)

Here, N is the total number of features in feature set, x; is the library stored feature
vector and y, is the candidate feature vector. The class of the library stored feature producing
the smallest Euclidean distance, when compared with the candidate feature vector, is

assigned to the input character.
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2.3.5.2 SVM classifier

SVM is a very useful technique for data classification. The SVM is a learning machine
which has been extensively applied in pattern recognition. SVMs are based on the statistical
learning theory that uses supervised learning. In supervised learning, a machine is trained
instead of being programmed to perform a given task on a number of inputs/outputs pairs.
SVM classifier has also been considered with three different kernels, namely, linear kernel,
polynomial kernel and RBF kernel in this work. Also, C-SVC type classifier in Lib-SVM
tool has been used for classification purpose in this research work.

2.3.5.3 HMM classifier

Hidden Markov Model (HMM) was introduced in the 1960s and became widespread in
the 1980s. HMMs are probabilistic pattern matching techniques that have the ability to
absorb both the variability and similarities between stored and inputted feature values. A
HMM is a finite state machine that can move to a next state at each time unit. With each
move, an observed vector is generated. Probabilities in HMM are calculated utilizing
observation vector extracted from samples of handwritten Gurmukhi characters. Recognition
of unknown character is based on the probability that an unknown character is generated by
HMM.

2.3.5.4 Bayesian classifier

The Bayesian classifier is also based on statistical approach that allows designing of the
optimal classifier if complete statistical model is known. In this classifier, a character is
assigned to the class for which it has the highest probability conditioned on X, where X is the

test feature vector, This probability is given by:

P(X|C;)P(C))

P(Ci|X) = P

(2.2)
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2.3.5.5 MLP classifier

Multi-Layer Perceptron (MLP) has also been used in the present work for classification.
Back Propagation (BP) learning algorithm with learning rate (y) = 0.3 and momentum term
(o) = 0.2 has been used in this work for training of MLP based classifiers. Weka tool has

been used for MLP based classification purpose in this work.

2.4 Recognition accuracy achieved for different scripts

This section presents a brief report on the recognition accuracies achieved by researchers
for numerals and character recognition. We have presented their results in Table 2.1 for
numerals, Table 2.2 for non-Indian scripts and in Table 2.3 for Indian scripts. As depicted in
Table 2.1, one may note that a recognition accuracy of 99.6% has been achieved for
handwritten numerals by Pal et al. (2008). In Table 2.2, the results of non-Indian scripts are
presented. As shown in this table, one may note that a recognition accuracy of 99.4%, 99.9%,

92.8% and 99.2%, has been achieved for Arabic, French, Japanese and Roman scripts,

respectively.

Table 2.1: Recognition results of handwritten numerals

Author Test_ data Feature extraction Classifier Accuracy
size technique
Bhattacharya and 0
Chaudhuri (2003) 5,000 Wavelet MLP 97.2%
Bhattacharya et al. (2004) 5,000 Wavelet MLP 98.0%
Roy et al. (2004b) 12,410 Structural, Topological NN 94.2%
Roy et al. (2005a) 3,850 Directional Quadratic 94.8%
Bhowmik et al. (2006) 5,970 Strokes HMM 95.9%
Kunte and Samuel (2006) 11,500 Wavelet MLP 92.3%
Pal et al. (2006b) 12,000 Water reservoir Binary tree 92.8%
Rajput and Hangrage . 0
(2007) 1,250 Image fusion NN 91.0%
Pal et al. (2007b) 2,690 Directional Modified 98.5%
quadratic
Pal et al. (2008) 5,638 Curvature Modified 99.6%
quadratic
Lu et al. (2008) 16,000 | Directional and Density SOM 97.3%
Desai (2010) 3,260 Profiles FFNN 81.7%
Purkait and Chanda (2010) 23,392 Morphological MLP 97.8%
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Data Number Feature
Author Script set of classes extraction Classifier | Accuracy
technique
Alaei et al. . Not Chain code 0
(2009) Arabic 20,000 mentioned direction SVM 99.4%
Alaei et al. . Not Modified chain 0
(2010b) Arabic 20,000 mentioned | code direction SVM 98.1%
Tran et al. Not Statistical and 0
(2010) French 400 mentioned structural SVM 99.9%
Zhu et al. Geometric 0
(2010) Japanese 35,686 790 features SVM 92.8%
Pal et al. Not : 0
(2010) Roman 11,875 mentioned Chain code MQDF 99.0%
Gradient and . .
Pa(rzlggg;al : Roman 10, 000 merg\tli%tne q moments based H|er:Irch|c 96.0%
projections
Fractal MLP,
Royetal. Roman 5,000 Not dimension, SVM, k- 99.2%
(2010) mentioned Tonoloaical NN,
polog MQDF

In Table 2.3, the results on Indian scripts have been presented. It can be noticed that a lot

of work has been done on Bangla, Devanagari and Kannada scripts. Some work has also
been done to recognize the Gurmukhi, Malayalam, Oriya and Tamil scripts as given in this
table. As depicted in Table 2.3, for Bangla script, maximum recognition accuracy of 89.2%
has been achieved by Bhowmik et al. (2004). For Devanagari script, maximum recognition
accuracy of 99.0% has been achieved by Pal et al. (2009a). They have used directional
features and MQDF classifier for recognition. Kunte and Samuel (2007) have achieved a
maximum recognition accuracy of 96.8% for Kannada characters. They have tested their
technique with 1,000 samples of 50-class problem. For all classes of Kannada script,
maximum recognition accuracy of 92.6% has been achieved by Venkatesh and
Ramakrishnan (2011). They have considered 26,926 samples for testing data set. Arora and
Namboodiri (2010) have been a recognition accuracy of 95.8% for Malayalam character
recognition. They have tested their technique with 7,348 samples of Malayalam characters.
Joshi et al. (2004a) have achieved a maximum recognition accuracy of 91.5% for Tamil

character recognition. They have considered 4,860 samples of 156 classes for testing data set.
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For offline handwritten Gurmukhi script, a recognition accuracy of 72.0% has been achieved

by Sharma and Jhajj (2010). Nonetheless till now, there is no complete recognition system

available for recognition of offline handwritten Gurmukhi script. As such, there is a need for

an offline handwritten Gurmukhi script recognition system that can help people to convert

the handwritten Gurmukhi text to a computer processable format.

Table 2.3: Recognition results of handwritten Indian scripts

Feature
Author Script Test_ data | Number extraction Classifier | Accuracy
size of classes :
technique
Bhowmik et al. o
(2004) Bangla 25,000 50 Stroke MLP 84.3%
Bhowmik et al. 0
(2009) Bangla 27,000 45 Wavelet SVM 89.2%
Histogram of
Belneetal. | o anagari | 10,000 140 oriented | TMMand | g 54
(2012) . Tree
gradients
Hanmandlu et : Not Normalized 0
al. (2007) Devanagari 4,750 mentioned distance Fuzzy set 90.7%
Joshi et al. : Gaussian low |  Feature 0
(2005) Devanagari 1,487 441 oass filters based 94.5%
Pal et al. Devanagari | 36,172 NOt 1 imensional | MQDF 99.0%
(2009a) g ’ mentioned i
Sharma and : , 0
Jhajj (2010) Gurmukhi 5,125 34 Zoning SVM 73.0%
Directional
e
Ramakrishnan Kannada 6,195 295 o SVM 89.7%
transitions,
(2011) >IHo
projection
profiles
Venkatesh and Ql;?gtlezed
Ramakrishnan Kannada 26,926 295 Pe, DTW 92.6%
quartile
(2011) "
eatures
John et Wavelet 0
al.(2007) Malayalam 4,950 33 transform MLP 73.8%
Class
Lajish (2007) Malayalam 15,752 44 Fuzzy zoning | modular 78.9%

NN
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Raju (2008) Malayalam 12,800 33 Wavelet MLP 81.3%
Mor‘('z"z‘)”ldl)RaJ“ Malayalam | 19,800 a4 Gradient MQDF 95.4%
Chacko and Not 0
Anto (2010a) Malayalam mentioned 33 Structural MLP 90.2%
Chacko and 0
Anto (2010b) Malayalam 3,000 30 Zonal MLP 95.2%

Arora and HMM
Namboodiri Malayalam 7,348 90 Strokes ’ 95.8%
DTW
(2010)
Pal et al. . curvature : 0
(2007d) Oriya 5,638 51 features Quadratic 94.6%
Deepu et al. . Gaussian low | PCA and 0
(2004) Oriya 21,840 156 pass filters NN 95.3%
Joshi et . X-y 0
al.(2004a) Tamil 4,860 156 co-ordinates DTW 91.5%
Hewavitharana
and Fernando Tamil 800 26 Pixel density | Statistical 80.0%
(2002)
Shanthi and
Duraiswamy Tamil 6048 34 Pixel density SVM 82.0%
(2010)
Sundaram and 2-D PCA Ml\gr?glg:ﬁ)dbi
Ramakrishnan Tamil 1,560 156 global . 83.4%
s distance
(2008) features
measure
Sastry et al. Not Not Decision 0
(2010) Telugu mentioned | mentioned 3D tree 93.1%

2.5 Recognition accuracy achieved for complete set of aksharas

There are very few reports are available on recognition of complete set of aksharas.

These reports mainly deal with the recognition of Kannada and Tamil scripts. Venkatesh and

Ramakrishnan (2011) have presented a technique for fast recognition of online handwritten

Kannada characters. Using this technique, they obtained a recognition accuracy of 92.6% for

complete set of aksharas of Kannada script. Sundaram and Ramakrishnan (2013) have

proposed script-dependent approach to segment online handwritten isolated Tamil words into

its constituent symbols. They tested their proposed scheme on a set of 10, 000 isolated

handwritten words. Ramakrishnan and Shashidhar (2013) have addressed the challenges in
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segmentation of online handwritten isolated Kannada words. They achieved 94.3%
segmentation accuracy using attention feed-based segmentation technique. Sundaram and
Ramakrishnan (2014) reduced the error rate of the Tamil symbol recognition system by

reevaluate certain decisions of the SVM classifier.

2.6 Chapter summary

In this chapter, we have surveyed the numeral and character recognition work that has
been done on non-Indian and Indian scripts. We have analyzed the work done for pre-
processing, segmentation, feature extraction and classification for various Indian scripts, i.e.,
Bangla, Devanagari, Gujarati, Gurmukhi, Kannada, Malayalam, Oriya, Tamil and Telugu.
Also, we have presented the work done for recognition of various phases of non-Indian
scripts, i.e., Arabic, French, Japanese and Roman. We have also discussed in detail various
feature extraction techniques used in this thesis for extracting the features of the characters
and classifiers used in this thesis for character recognition. Finally, in this chapter, we have

presented recognition accuracies achieved for numerals, non-Indian and Indian scripts.



Chapter 3

Data Collection, Digitization, Pre-
processing and Segmentation

Data collection, digitization, pre-processing and segmentation are preliminary phases of
an offline Handwritten Character Recognition (HCR) system. Subsequent sections explain
the work done on data collection of offline handwritten Gurmukhi script documents, their
digitization, pre-processing and segmentation in this thesis. Section 3.1 focuses on data
collection; section 3.2 includes digitization process; section 3.3 discusses pre-processing
phase and section 3.4 consists of work done in the segmentation phase of the offline HCR

system developed in this study.

3.1 Data collection

In this study, we have collected 300 samples of handwritten documents written in
Gurmukhi script. These samples have been taken for three different categories. Category 1
consists of one hundred samples of offline handwritten Gurmukhi script documents where
each Gurmukhi script document is written by a single writer. Category 2 contains one
hundred samples where each Gurmukhi script document is written ten times by ten different
writers. In category 3, one Gurmukhi script document is written by one hundred different
writers. As such, this category also consists of one hundred samples as shown in Table 3.1.
As such, a sufficiently large database has been built for offline handwritten Gurmukhi script
documents. These samples of offline handwritten Gurmukhi script documents of different
writers were collected from various organizations, offices and public places. A sample of an

offline handwritten Gurmukhi script document is enunciated in Figure 3.1.

38
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Table 3.1: Metadata for data collected

Number of
Category Number of writers | documents written | Number of samples
by each writer
Cat-1 1 100 100
Cat-2 10 10 100
Cat-3 100 1 100
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Figure 3.1: Offline handwritten Gurmukhi script document

3.2 Digitization

Digitization is the process of converting the paper based handwritten document into

electronic form. All three hundred documents, as illustrated in the above section, are scanned
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at 300 dots per inch resolution. Digitization produces the digital image, which is fed to the

pre-processing phase of the offline HCR system developed in this thesis.

3.3 Pre-processing

In this phase, the size of character image is normalized using Nearest Neighbourhood
Interpolation (NNI) technique. After normalization, we construct a bitmap image of the
normalized image. Now, the bitmap image is changed into a thinned image. This process of

pre-processing is shown in Figure 3.2 for Gurmukhi character <.

(@) (b)
Figure 3.2 A sample handwritten Gurmukhi character (): (a) Digitized image, (b)

Thinned image

3.4 Segmentation

Segmentation is an important step for a character recognition system. Gurmukhi script
documents can be segmented into paragraphs, lines, words and characters. Segmentation is
one of the challenging tasks in a handwritten text recognition system. Section 3.4.1
concentrates on line segmentation, section 3.4.2 includes word segmentation, section 3.4.3
discusses zone segmentation and section 3.4.4 presents isolated and touching character

segmentation that has been carried out during this study.
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3.4.1 Line segmentation

Line segmentation is the initial stage of segmentation phase in a character recognition
system. Line segmentation is a complex task and it becomes even more challenging when
one needs to segment lines in a skewed offline handwritten document. Improper line
segmentation decreases the recognition accuracy considerably. There are a number of
issues in segmenting of handwritten documents into lines. One of the issues is different
styles of writing a document. Other issues include skewed lines, curvilinear lines,
fluctuating lines, touching lines and overlapping lines. Shapiro et al. (1993) were able to
find the skew angle by using the Hough transformation. To increase the strength of the
histogram, they used black run length smearing technique in the horizontal direction.
Sulem and Faure (1994) have been pioneer in developing an approach which is based on
the perceptual grouping of all the connected components which constitute black pixels.
Iterative construction of text lines is made possible by grouping the neighbouring
components that are mutually connected in accordance with preconceived perceptual
criteria such as similarity, continuity, and proximity. In this way, it is possible to combine
the local constraints, which impart neighbouring components, with global quality measures.
These methods are, however, not very useful for segmentation of lines in handwritten

documents.

A few other techniques have also been offered for the problem of line segmentation.
Some of them are based on linear programming (Yanikoglu and Sandon, 1998), fuzzy run
length (Shi and Govindaraju, 2004), adaptive local connectivity map (Shi et al., 2005),
level set (Li et al., 2006), Kalman filter (Lemaitre and Camillerapp, 2006), local
neighbourhood of word (Basu et al., 2007) etc. Gatos et al. (2007) have presented their
handwriting segmentation results in ICDAR. They have presented various methods
including ILSP-LWSeg, PARC, DUTH-ARLSA, BESUS and UoA-HT for segmentation of
handwritten text. We have also proposed a technique for line segmentation of offline
handwritten Gurmukhi documents based on a mixture of the smearing technique and the

contour tracing technique.
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3.4.1.1 Proposed technique for line segmentation

In this section, we have proposed a technique for line segmentation in offline handwritten
Gurmukhi script documents. In this technique, we smear consecutive black pixels in the
horizontal direction. Then we analyze the distance between the white spaces. If this distance
is within a certain permissible threshold limit, then the white space is filled with black pixels.
Once this is achieved, the boundaries of the components which are connected to each other

within the image that has been smeared define the text lines.

We have applied this technique to offline handwritten Gurmukhi script document as
shown in Figure 3.3(a). The smeared image and the processed document are shown in
Figures 3.3(b) and 3.3(c), respectively. This figure shows that the proposed technique has
successfully segmented the lines in this offline handwritten Gurmukhi script document. Table
3.2 depicts the accuracy of proposed line segmentation technique. The average accuracy
achieved for line segmentation for documents is 98.4%, whereas the average accuracy
achieved for all lines is 98.3%. We have calculated the average accuracy of line segmentation

for documents and lines by:

Let, ad(i) = accuracy of doc(i)
Average accuracy for documents = %Zﬁ"zl ad (i) (3.1)
Let, nol(i) = Number of lines in doc(i)
Number of lines in all documents (M) = ¥V, nol(i) (3.2)
Average accuracy for lines (A) =
T (nol(i) X ad(i)) (3.3)

Here, N is the total number of documents.

It has been seen that this technique is more effective than projection profiles based
technique for handwritten text line segmentation, when the lines are skewed or curved or the
space between lines is not uniform. However, we are not able to segment touching lines or

overlapping lines very efficiently with this proposed method of line segmentation.
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Figure 3.3 Proposed smearing technique for line segmentation: (a) Handwritten
Gurmukhi script document, (b) Smeared image, (c) Processed document
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Table 3.2: Line segmentation accuracy based on proposed technique

Document Number of lines | Accuracy
doc(1) 17 100%
doc(2) 17 100%
doc(3) 18 100%
doc(4) 18 94.4%
doc(5) 14 100%
doc(6) 19 94.7%
doc(7) 19 100%
doc(8) 13 100%
doc(9) 18 100%
doc(10) 19 94.7%

3.4.2 Word segmentation

We have used the white space and pitch method for word segmentation in offline
handwritten Gurmukhi text. The white space and pitch method of detecting the horizontal
white space between successive words in a line is a widely used concept for dividing
handwritten text line into words. We should not consider this technique for cursive
handwriting word segmentation. Figures 3.4(a) and 3.4(b) show a handwritten text line
before and after word segmentation, respectively. Word segmentation accuracies from ten
example documents considered in this work have been depicted in Table 3.3. We have

achieved a word segmentation accuracy of 97.9% for offline handwritten Gurmukhi text in
W R ; '
w9 5 1w T o
(a)
(b)

Figure 3.4 Word segmentation: (a) Gurmukhi text line, (b) Processed Gurmukhi text line

this work.
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Table 3.3: Word Segmentation Accuracy

Document Number of Words | Accuracy
doc(1) 168 94.0%
doc(2) 180 95.0%
doc(3) 182 91.8%
doc(4) 162 96.9%
doc(5) 156 97.4%
doc(6) 191 97.9%
doc(7) 177 97.2%
doc(8) 172 97.1%
doc(9) 176 97.2%
doc(10) 180 96.7%

3.4.3 Zone segmentation

A line of Gurmukhi text can be partitioned into three horizontal zones, namely, upper
zone, middle zone and lower zone. Consonants generally occupy the middle zone. The upper
zone represents the region above the headline, while the middle zone represents the area just
below the headline and above the lower zone. The lower zone is the lowest part which
contains some vowels. In the process of Gurmukhi script recognition, one needs to find the
headline, and the base line, to define the upper, lower, and the middle zones in order to have

an efficient recognition system.

3.4.4 Character segmentation

Character segmentation is also a challenging task in an offline handwritten Gurmukhi
character recognition system. This problem becomes more complex when characters are
touching. In this work, we have applied water reservoir based technique (Pal et al., 2003) for
identification and segmentation of touching characters in offline handwritten Gurmukhi

words. Touching characters are segmented, based on reservoir base area points. We could
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achieve 93.5% accuracy for character segmentation with this method. This section is further
divided into three sub-sections. Section 3.4.4.1 concentrates on types of characters in
Gurmukhi text that are to be tackled while segmenting the characters. Section 3.4.4.2
discusses the segmentation of isolated characters using vertical projection profiles and also

the segmentation of touching characters using water reservoir method.

3.4.4.1 Different types of characters
a. Isolated characters

When characters do not touch each other, they are classified as isolated characters.
Character segmentation is a straightforward process whenever characters are well spaced as

shown in Figure 3.5.

It

Figure 3.5: A sample Gurmukhi word with well-spaced characters

b. Touching characters

In a handwritten Gurmukhi script document, touching characters are present frequently.

Segmentation of such characters is a complex problem. An example of touching characters is

}:‘ L

Figure 3.6: A sample Gurmukhi word with touching characters

given in Figure 3.6.

As shown by the red circle in Figure 3.6, the adjacent characters 3 and X touch each

other in the given word.
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c. Overlapping characters

In offline handwritten Gurmukhi script documents, the characters can overlap each other
as shown in Figure 3.7. As such, vertical/horizontal projections of these characters shall also

be overlapping each other.

Figure 3.7: Gurmukhi word with overlapping characters

d. Broken characters

In offline handwritten Gurmukhi documents, some portion of the characters in the text
may be missing as shown in Figure 3.8. Figure 3.8(a) contains an example case of
horizontally broken characters and Figure 3.8(b) contains an example of vertical broken
characters. It has been seen that most of the times, each broken character will have an aspect

ratio less than that of a single isolated character, making their recognition a difficult task.

Te=ar T

(@ (b)

Figure 3.8 Broken characters: (a) Horizontally broken characters, (b) Vertically broken
characters

3.4.4.2 Segmentation of isolated and touching characters

Segmentation of offline handwritten Gurmukhi words into characters is a challenging
task primarily because of structural properties of Gurmukhi script and various writing styles.

We have tested the performance of different algorithms for character segmentation of
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collected offline handwritten Gurmukhi script documents. In Gurmukhi script, most of the
characters contain a horizontal line at the upper end of the middle zone which is called the
headline. The headline helps in the recognition of script line positions and character
segmentation. Segmentation of individual characters in offline handwritten Gurmukhi script
recognition is a straightforward process when characters are well spaced as shown in Figure
3.9.

(b)
Figure 3.9 Gurmukhi word (H&1R): (a) With well-spaced characters, (b) Processed word

The processed word is the outcome of the segmentation process. Segmentation process
extracts constituent images from a Gurmukhi word and performs the following tasks:
() It finds the headline. This is accomplished by finding the maximum number of black
pixels in a row.
(i)  Headline is now removed.
(iii) Now, sub-images that are vertically separated from their neighbours are extracted.

These sub-images may contain more than one connected component.

It will be done into two stages, identification of touching characters and segmentation of
touching characters. To identify the touching characters by measure the width of each
character, then the average width of character is found. If, any character, whose width is

more than 150% of average width of each character, it is considered as touching characters.
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In a handwritten Gurmukhi document, it is highly probable that the characters can touch
each other. Separation of such touching characters is a complex problem, as explained in
Figures 3.10(a) and 3.10(b). We have used water reservoir based method for touching

character segmentation (Pal et al., 2003).

Figure 3.10 Gurmukhi(?/\)/ord (UR3A"): (a) Touching characterg,bzb) Vertical projection
profiles

In this method, the headline of a character is removed. Thereafter, water is poured on top
of the character. The water is stored in reservoirs, which are actually the cavity regions of the
characters whose headlines have been removed. Figure 3.11 illustrates this approach. Those
reservoirs which get formed in the ‘cavity regions’ of the character when water is poured
from the top are called “top reservoirs”. However, all the reservoirs which get formed when
water is poured in this manner cannot be considered for processing. For a reservoir to be
considered for processing, it has to be of a height that is greater than a specified threshold.
Normally, the specified threshold value of a ‘top reservoir’ is 1/10 of the height of the

character.

L -7 &1

Figure 3.11: A reservoir obtained from water flow from the top marked by dots

As illustrated in Figure 3.10 (a), in the given word, we can clearly see that the two
characters 3 and X are touching each other. Consequently, we see that vertical projection
profiles of these characters are also touching each other. To segment the characters which
touch each other in such a way, we have used this method. In this technique, the first step is
to identify the characters which are well isolated and the characters which touch each other in
a given word. Once this is done, the characters that touch each other are segmented in
accordance with the reservoir base area. This technique has been illustrated in Figures
3.12(a), 3.12(b) and 3.12(c).
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-7 <t Tt N

Figure 3.12 Offline handwritten Gurmukhi word: (a) Without headline, (b) Touching
character segmentation, (c) Complete segmentation of word

The horizontal and vertical projection profile techniques, along with water reservoir
method have been applied on all the handwritten Gurmukhi documents which have been
collected in this study for three different categories. Category wise results of character

segmentation accuracy are given in Tables 3.4-3.6.

Table 3.4: Character segmentation accuracy of Cat-1 documents

Total number Segmented
Document Accuracy

of characters characters
doc(11) 528 486 92.1%
doc(12) 482 440 91.3%
doc(13) 477 451 94.5%
doc(14) 572 526 91.9%
doc(15) 427 406 95.5%
doc(16) 458 447 97.7%
doc(17) 464 438 94.5%
doc(18) 430 401 93.4%
doc(19) 448 413 92.2%
doc(20) 387 374 96.7%
Average accuracy 93.9%
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Table 3.5: Character segmentation accuracy of Cat-2 documents

D Total number of Segmented
ocument Accuracy

characters characters
doc(21) 497 467 93.9%
doc(22) 418 385 92.2%
doc(23) 436 399 91.4%
doc(24) 528 489 92.6%
doc(25) 412 388 94.2%
doc(26) 429 417 97.5%
doc(27) 452 431 95.4%
doc(28) 424 392 92.7%
doc(29) 429 405 94.4%
doc(30) 446 429 96.1%
Average accuracy 94.0%

Table 3.6: Character segmentation accuracy of Cat-3 documents

Documen: | g omer o[ o | acauraey
doc(31) 485 431 88.9%
doc(32) 427 389 91.3%
doc(33) 408 368 90.2%
doc(34) 410 370 90.4%
doc(35) 368 343 93.3%
doc(36) 370 362 97.9%
doc(37) 382 349 91.4%
doc(38) 355 327 92.3%
doc(39) 375 344 91.9%
doc(40) 340 314 97.6%

Average Accuracy 92.5%

51

As such, we could achieve an average accuracy of 93.5% for the segmentation of isolated

and touching characters in this work.
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3.5 Chapter summary

In this chapter, we have discussed the data collection, digitization, pre-processing and
segmentation phases of offline handwritten Gurmukhi character recognition system that has
been developed in this thesis. The data has been collected in three different categories. Each
category consists of one hundred documents. In this chapter we have proposed a novel
technique based on the combination of smearing technique and contour tracing technique for
line segmentation. For word segmentation and isolated character segmentation, white space
and pitch method has been used, for segmentation of touching characters water reservoir
based method has been used. We achieved an accuracy of 98.4%, 97.9% and 93.5% for line,
word and character segmentation, respectively.



Chapter 4
A Framework for Grading of Writers

This chapter presents a framework for grading the writers based on their handwriting.
This process of grading shall be helpful in organizing handwriting competitions and then
deciding the winners on the basis of an automated process. Grading of writers based on their
handwriting is an intricate task owing to a variety of writing styles of different individuals. In
this chapter, we have attempted to grade the writers based on offline handwritten Gurmukhi
characters written by them. Selecting the set of features is an important task for
implementing a handwriting grading system. In this work, the features used for classification
are based on zoning that has shown the capability of grading the writers. Further, samples of
offline handwritten Gurmukhi characters, from one hundred different writers, have been
considered in this work. In order to establish the correctness of our approach, we have also
considered these characters, taken from five Gurmukhi fonts. We have used zoning; diagonal;
directional; intersection and open end points feature extraction techniques in order to find the
feature sets and have used Hidden Markov Model (HMM) and Bayesian classifiers for
obtaining a classification score. This chapter is divided into three sections. Section 4.1
introduces the handwriting grading system, section 4.2 presents the experimental results of
handwriting grading system, based on HMM and Bayesian classifiers. Finally, section 4.3

presents the conclusion of this chapter.

4.1 Handwriting grading system

A handwriting grading system consists of the activities, namely, digitization, pre-

processing, segmentation, features extraction, classification and final grading based on the

53
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classification score, as shown in Figure 4.1. This handwriting grading system can be used to
grade the participants in a handwriting competition and can also be used, with suitable
modifications, for signature verification. The activities of such a system have a close

relationship with characters recognition system.

Digitization

I

Pre-processing

I

Segmentation

I

Feature extraction

I

Classification

I

Grading based on classification score

Figure 4.1: Block diagram of handwriting grading system

The phases, namely, digitization, pre-processing and segmentation have been discussed
in Chapter 2. We have used digitization phase as discussed in section 2.3.1; pre-processing
activities have been applied as discussed in section 2.3.2. We have segmented the
handwritten Gurmukhi script document into characters using the techniques as discussed in

section 2.3.3.

As we have already discussed, feature extraction stage analyzes a handwritten character
image and selects a set of features that can be used for grading the writers. In this work, for
grading of the writers, we have used various structural feature extraction techniques, namely,
zoning, diagonal, directional, intersection and open end points features etc. as discussed in

section 2.3.4.
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Classification phase uses the features extracted in the feature extraction phase, for obtain
classification score in the handwriting grading system. For classification, we have used
HMM and Bayesian decision making classifiers. A HMM is a finite state machine that may
move to a next state at each time unit. With each move, an observed vector is generated.
Probabilities in HMM are calculated by utilizing an observation vector extracted from
samples of handwritten Gurmukhi characters. Recognition of an unknown character is based
on the probability that an unknown character is generated by HMM. The Bayesian classifier
is a statistical approach that allows designing the optimal classifier if the complete statistical
model is known. In this classifier, a character is assigned to the class for which it has the
highest probability conditioned on X, where X is the observed feature vector.

4.1.1 Grading based on classification score

As mentioned above, the writers are graded based on their classification score. The score

is obtained on the basis of the process illustrated in Figure 4.1.

In order to build the proposed grading system, we have collected data from one
hundred different writers. These writers were requested to write each Gurmukhi
character. A sample of this handwritten character data set, written by ten different writers
(W1, W, ..., Wao) is given in Figure 4.2.

In this work, besides the handwritten characters from these one hundred writers, printed
Gurmukhi characters from five different fonts have also been considered. This has, primarily,
been done for establishing the correctness of the approach considered in this chapter. These
five fonts are: Amrit (F1), GurmukhiLys (F,), Granthi (F3), LMP_TARAN (F;) and Maharaja

(Fs). Sample of a few characters in these fonts is given in Figure 4.3.
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Gurmukhi
Scri pt W, W5 W3 W, W5 Ws W- W Wy Wio
Character

¢ EGEL&e T 6

LR G ARG ARCr AR R LR
v
5

g8

od
Aed D
HYd 2D

A HHATA S AH

Figure 4.2: Samples of a few handwritten Gurmukhi characters

¢ 8 8 68 ¢ 8
IR IR N RR R
R -ERHR -ARSHR S
« HAHHH

Figure 4.3: A few samples of printed characters from five Gurmukhi fonts

In the next section, classifier-wise results of grading have been included.

4.2 Experimental results of handwriting grading system

As discussed in section 4.1.1, the gradation results, based on the values obtained by two

classifiers, namely, HMM and Bayesian classifiers are presented in this section. The
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probabilities obtained with HMM classification and Bayesian classification are normalized to
[0, 100] in order to give the grade in percentage form. Classifier-wise results of grading are
presented in the following sub-sections. In the training data set of handwriting grading
system, we have used printed Gurmukhi font Anandpur Sahib. The shape of various
Gurmukhi characters in Anandpur Sahib font has been shown in Figure 4.4.

In the testing data set, we have considered data set of handwritten characters written by
one hundred different writers and printed characters of five different Gurmukhi fonts as
discussed in section 4.1.1.

The experimental results in this chapter have been presented in the form of graphs. These
graphs present grading scores obtained for one hundred writers (W, Wy, ..., Wigo) and five
Gurmukhi fonts (F1, F», ..., Fs). For the sake of better space usage, the calibration on x-axis
does not include all the values. However, graphs contain the data for all 105 points.

S. No. | Character | S. No. | Character | S. No. | Character | S. No. | Character

1 8 2 K 3 1S 4 H
5 dJ 6 Sl 7 Y 8 dl
9 U 10 5 11 d 12 8
13 H 14 3 15 g 16 c
17 S 18 3 19 < 20 [
21 3 22 g 23 < 24 g
25 <) 26 Y 27 = 28 g
29 g 30 H 31 5! 32 d
33 [§] 34 < 35 3

Figure 4.4: Shape of characters in Gurmukhi font Anandpur Sahib
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4.2.1 Grading using HMM classifier

In order to perform the grading using HMM classifier, the features, namely, zoning,
directional, diagonal, intersection and open end points have been taken as input to HMM
classifier. In the following sub-sections, the experimental results for these features are

presented.

4.2.1.1 HMM based grading using zoning features

In this sub-section, gradation results of writers based on zoning features, using HMM
classifier, are presented. Using this feature, it has been noted that font F, (with a score of
100) is the best font and font Fs (with a score of 94.55) is the second best font. On similar
lines, it has also been observed that writer W4 (with a score of 68.88) is the best writer and
writer Ws (with a score of 52.19) is the second best writer. The results of this classification

process are presented in Figure 4.5.
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Fonts and Writers

Figure 4.5: Grading of writers using zoning feature and HMM classifier

4.2.1.2 HMM based grading using directional features

When we use directional features as an input to HMM classifier, font F; (with a score of
100) comes out to be the best font and font F, (with a score of 80.75) comes out to be the
next best font. It has also been observed that writer W9 (with a score of 83.20) is the best
writer and writer Wgo (with a score of 78.92) is the next best writer amongst the hundred

writers taken in this study. Results of HMM based classification using directional feature are
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given in Figure 4.6.
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Figure 4.6: Grading of writers using directional features and HMM classifier

4.2.1.3 HMM based grading using diagonal features

In this sub-section, we have presented grading results based on diagonal features using
HMM classification. Using this feature, we have seen that font F4 (with a score of 100) is the
best font and the second rank goes to font F; (with a score of 95.58). It has also been seen
that writer Ws3 (with a score of 62.80) is the best writer and writer Wis (with a score of
61.35) is the next best writer from among the hundred writers taken in this work. Results of

HMM based classification, using diagonal features, are given in Figure 4.7.
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Figure 4.7: Grading of writers using diagonal features and HMM classifier

4.2.1.4 HMM based grading using intersection points based features

When we use intersection points based features as input to HMM classifier, it has been
seen that font F3 (with a score of 100) is the best font and font F4 (with a score of 99.59) is
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the next best font. It has also been seen that writer Wy (with a score of 67.79) is the best
writer and writer Wso (with a score of 65.50) is the second best writer. The results of HMM

based classification, using intersection points based features, are discussed in Figure 4.8.
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Figure 4.8: Grading of writers using intersection points based features and HMM
classifier

4.2.1.5 HMM based grading using open end points based features

In this sub-section, gradation results of writers, based on the open end points based
features using HMM classifier, are presented. Using this feature, it has been seen that font F;
(with a score of 100) is the best font and font Fs (with a score of 91.79) is the second best
font. It has also been discovered that writer W33 (with a score of 71.79) is the best writer and
writer W33 (with a score of 69.25) is the second best writer. The results of this classification

process are presented in Figure 4.9.
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Figure 4.9: Grading of writers using open end points based features and HMM
classifier
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4.2.1.6

Average grading of writers with HMM classifier

61

Here, average grading, based on all five features considered in sections 4.2.1.1 to 4.2.1.5

is presented. It has been observed that if we use HMM classifier then font F; (with an

average score of 93.50) is the best font and font F, (with an average score of 89.26) is the

next best font. Similarly, it has also been observed that writer Ws3 (with an average score of

56.79) is the best writer and writer Wso (with an average score of 55.62) is the second best

writer. The average scores of the fonts and writers considered in this study are given in

Figure 4.10.
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Figure 4.10: Average grading of writers using HMM classifier

Table 4.1: Average grading of writers using HMM classifier

Best font Second best | Third best | Fourth best | Fifth best
Feature type . font and font and font and font and
and writer i i . .
writer writer writer writer

. F4 (100); Fs (94.55); | F3(85.13); F1 (76.79); F, (42.03);
zoning features |\ " 6a88) | Wep (52.19) | Wsp (51.55) | Wis (51.23) | Wa (51.01)
o F1 (100); F, (80.75); | F3(58.55); Fs (58.24); F, (57.33);
Directional features |\ “5390) | Wso (78.92) | Wes (73.52) | Was (72.40) | Wes (69.76)
. F4 (100); F1(95.58); | F3(95.44); Fs (91.62); F, (57.72);
Diagonal features |\ "(62.80) | Wis (61.35) | Wsp (58.9) | Weq (55.74) | Wso (55.34)
Intersection points | F3 (100); F4(99.59); | F5(99.37); F1(95.11); F, (74.08);
based features Wi (67.79) | Wso (65.50) | Wo (64.35) | Ws3 (63.74) | Ws; (62.77)
Open end points F1 (100); F3(91.79); | Fs5(91.02); F4 (89.36); F, (58.95);
based features W33 (71.79) | Way (69.25) | Ws; (61.20) | Ws3 (59.55) | Wog (59.50)
Average with all F1 (93.50); F4(89.26); | Fs(86.96); F3 (86.18); F,(62.71);
features Ws3 (56.79) | Wso (55.62) | Wa3 (55.39) | Wis (54.28) | Wog (53.45)
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Table 4.1 depicts the average grading of writers using HMM classifier. As shown in this
table, we have seen that Font F; is close to Anandpur Sahib font and writer Ws3 is the best
writer, if we use HMM classifier.

4.2.2 Grading using Bayesian classifier

In this section, the experimental results of grading are presented for the case when we
used Bayesian classifier. Here, features, namely, zoning, directional, diagonal, intersection
and open end points features have again been considered to be taken as input to Bayesian

classifier.

4.2.2.1 Bayesian based grading using zoning features

In this sub-section, gradation results of writers, based on zoning features using Bayesian
classifier, are presented. Using this feature, it has been observed that font F, (with a score of
100) is the best font and font Fs (with a score of 94.60) is the second best font. On similar
lines, it has also been found that writer Wy, (with a score of 71.37) is the best writer and
writer Wi7 (with a score of 58.52) is the second best writer. The results of this classification

process are presented in Figure 4.11.
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Figure 4.11: Grading of writers using zoning feature and Bayesian classifier
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4.2.2.2 Bayesian based grading using directional features

When directional features are used as input to Bayesian classifier, font F; (with a score of
73.76) comes out to be the best font and font F, (with a score of 60.38) comes out to be the
second best font. Also, writer W; (with a score of 100) comes out to be the best writer and
writer Wyg (with a score of 58.86) comes out to be the second best writer. The results of this

classification process are presented in Figure 4.12.
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Figure 4.12: Grading of writers using directional feature and Bayesian classifier

4.2.2.3 Bayesian based grading using diagonal features

Results of Bayesian based classification, using diagonal feature, are given in Figure 4.13.
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Figure 4.13: Grading of writers using diagonal features and Bayesian classifier

The use of diagonal features as input to Bayesian classifier results into a situation where

font F4 (with a score of 100) comes out to be the best font and font F; (with a score of 98.92)



Offline Handwritten Gurmukhi Script Recognition 64

comes out to be the second best font; writer Ws3 (with a score of 62.81) is the best writer and
writer W5 (with a score of 59.78) is the second best writer amongst the hundred writers
engaged in this work.

4.2.2.4 Bayesian based grading using intersection points based features

When we use intersection points based features as input to Bayesian classifier, font F3
(with a score of 100) comes out to be the best font and font F4 (with a score of 99.40) comes
out to be the second best. Writer Wy (with a score of 67.66) comes out to be the best writer
and writer Wy (with a score of 64.97) comes out to be the second best writer. Results of
Bayesian based classification, using intersection points based features are given in Figure
4.14.
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Figure 4.14: Grading of writers using intersection points based features and Bayesian
classifier

4.2.2.5 Bayesian based grading using open end points based features

If we consider open end points based features as input to Bayesian classifier, font F;
(with a score of 100) comes out to be the best font and font F3 (with a score of 92.11) comes
out to be the second best font; writer W53 (with a score of 71.18) comes out to be the best

writer and writer W3, (with a score of 67.08) comes out to be the second best writer.
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Figure 4.15: Grading of writers using open end points based features and Bayesian
classifier

The results of this classification process are presented in Figure 4.15.

4.2.2.6 Average grading of writers with Bayesian classifier

Average grading, based on all five features taken in sections 4.2.2.1 to 4.2.2.5 is
presented in this sub-section. It has been seen that if we use Bayesian classifier then font F;
(with an average score of 89.93) is the best font and font F4 (with an average score of 87.15)
is the next best font. On similar lines, it has also been depicted that writer W; (with an
average score of 54.65) is the best writer and writer Ws3 (with an average score of 53.26) is

the second best writer. The results of this classification process are presented in Figure 4.16.
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Figure 4.16: Average grading of writers using Bayesian classifier

Table 4.2 presents the average grading of writers using Bayesian classifier. One can note
from this table that Font F; is the best font and writer W, is the best writer, if we consider

Bayesian classifier for obtaining the classification score.
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Table 4.2: Average grading of writers using Bayesian classifier
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Best font Second best | Third best | Fourth best | Fifth best
Feature type i font and font and font and font and
and writer i i . i
writer writer writer writer

. F, (100); Fs(94.60); | F3(85.15); |F1(81.16); |F,(43.41);
Zoning features |\ " 7137 | Wir (58.52) | Was (52.60) | Wsp (52.20) | Wep (52.13)
Directional Fi (73.76); F, (60.38); | Fs(47.91); F3 (46.33); F4(45.60);
features W, (100) Wrg (5886) Wsgo (53.22) Wsgg (52.03) Wogg (51.69)

. F4 (100); F1(98.92); | F3(94.38); Fs (91.13); F, (59.78);
Diagonal features | "(6281) | Wis (59.78) | Wap (59.68) | Wat (57.95) | Wio (56.10)
Intersection points | F3 (100); F4(99.40); | Fs(99.40); F1 (95.81); F, (74.55);
based features | Wig (67.66) | Wy (64.97) | Wso (64.37) | Ws3 (63.47) | W5, (61.68)
Open end points | F; (100); F3(92.11); | Fs(91.96); F4(90.77); F, (60.39);
based features | Wa3 (71.18) | W3y (67.08) | Ws; (58.30) | Wog (57.41) | Ws3(56.22)
Average with all | F; (89.93); F4 (87.15); | Fs(85.00); F3 (83.59); F, (59.70);
features W, (5466) Ws3 (5326) W33 (5282) Wsq (5171) W3, (5024)

4.2.3 Average grading with five features and two classifiers

We have also calculated the average grading when all five features and the two classifiers

are considered simultaneously in the experimentation. It has been seen in this experiment that

font F; (with an average score of 91.71) is the best font and font F, (with an average score of

88.21) is then the next best font. Writer Ws3 (with an average score of 55.02) is the best

writer and writer W33 (with an average score of 54.11) is the second best writer. The results

of this average grading are presented in Figure 4.17.
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Figure 4.17: Average grading of writers using all features and classifiers
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It is worth mentioning here that the two classifiers considered in this study have a good
agreement while grading the fonts as well as the human writers. This is supported by the
graph, almost a straight line as depicted in Figure 4.18 in which the grading score obtained

by Bayesian classifier is taken as a function of grading score obtained by HMM classifier.

The data points in green colour represent the grading scores of printed fonts.
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Table 4.3 shows the performance of five best writers for different features and classifiers,

considered in this study.
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Figure 4.18: Agreement between two classifiers

Table 4.3: Classifier wise performance of the five best writers

Feature Type

HMM Classifier

Bayesian Classifier

Zoning features

W14 (68.88); Wso (52.19);
W3, (51.55); Wis (51.23);
Wy7 (51.01)

Wi (71.37); W17 (58.52);
W34 (52.60); Wa, (52.20);
W5 (52.13)

Directional features

Wi (83.20); Wgo (78.92);
Wos (73.52); Wgs (72.40);
Wo, (69.76)

W; (100); Wrg (58.86);
Wso (53.22); Wss (52.03);
Woyg (51.69)

Diagonal features

Ws3 (62.80); Wis (61.35);
W3, (58.91); Wa (55.74);
W5 (55.34)

W3 (62.81); Wis (59.78);
W32 (59.68); Way (57.95);
W5, (56.10)

Intersection points based
features

Wis (67.79); Wso (65.50);
W, (64.35); Ws3 (63.74);
Ws; (62.77)

Wi (67.66); Wo (64.97);
Wsg (64.37); Ws3 (63.47);
Ws; (61.68)

Open end points based
features

Wa3 (7179), Wa1 (6925), Ws1
(61.20); Ws3 (59.55);
Wrg (59.50)

W33 (71.18); W3 (67.08);
Ws; (58.30); Wog (57.41);
W53 (56.22)

Average with all features

Ws3 (56.79); Ws (55.62);
Was3 (55.39); Wis (54.28);
Wy (53.45)

W; (54.66); Wss3 (53.26);
Wsas (52.82); Wsg (51.71);
W33 (50.24)
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4.3 Discussions and conclusion

In this chapter, an offline handwriting grading system for Gurmukhi script writers has
been proposed. The features of offline Gurmukhi characters that have been considered in this
work include zoning; directional; diagonal; intersection and open end points. Two classifiers,
namely, HMM classifier and Bayesian classifier, have been used in the classification process.
The system, proposed in present study, is tested with the help of five popular printed
Gurmukhi fonts. As expected, fonts have a better score of gradation in comparison with
mortal writers, establishing the effectiveness of the proposed system. The proposed grading
system can be used as a decision support system for grading the handwritings in a

competition.



Chapter 5

Parabola and Power Curve Based Novel
Feature Extraction Methods for Offline
Handwritten Gurmukhi Character
Recognition

Recent advances in optical character recognition have been supported by innovative
techniques for handwritten character recognition. These techniques require extraction of
good quality features as their input for recognition process. In this chapter, we have
presented two efficient feature extraction techniques, namely, parabola curve fitting based
features and power curve fitting based features for offline handwritten Gurmukhi character
recognition. In order to assess the quality of features in offline handwritten Gurmukhi
character recognition, we have compared the performance of other recently used feature
extraction techniques, namely, zoning features, diagonal features, intersection and open end
points features, transition features and directional features with these proposed feature
extraction techniques. This chapter is divided into four sections. Section 5.1 consists of
parabola curve fitting based feature extraction technique, section 5.2 includes power curve
fitting based feature extraction technique, section 5.3 presents the experimental results based
on proposed feature extraction techniques and comparison with other recently used feature

extraction techniques and section 5.4 presents the summary of this chapter.

5.1 Parabola curve fitting based feature extraction (Proposed Method 1)

Curve fitting is the process of constructing a curve that has the best fit to a series of
foreground pixels. A fitted curve can be used as an aid for data visualization. Parabola is a

curve that is shaped like the path of something that is thrown forward and high in the air and

69
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falls back to the ground. Its equation is y = a + bx + cx?. Parabolas occur naturally as the
paths of projectiles. The shape is also seen in the design of bridges and arches. We have used
this type of curve to extract the meaningful information about the strokes of offline
handwritten characters.

In parabola fitting based feature extraction method, we have divided the thinned image of
a character into n (=100) zones. A parabola is then fitted to the series of ON pixels
(foreground pixels) in each zone using the Least Square Method (LSM). A parabolay = a +
bx + cx? is uniquely defined by three parameters: a, b and c. Values of a, b and c are
calculated by solving the following equations obtained from LSM.

Py =na+bYl x+e Xl x (1)
Yrixiy = aXi xtb Xt +e X x? (2)
Pxty; = axig x 2 +by g x 3oy x;t (3)

As such, this will give 3n features for a given character image as depicted in Table 5.1 for the

Gurmukhi character ().
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Figure 5.1: Parabola curve fitting based feature extraction technique

The steps that have been used to extract these features are given below.

Step I: Divide the thinned image into n (=100) number of equal sized zones.

Step Il:  For each zone, fit a parabola using the least square method and calculate the
values of a, b and ¢ (Figure 5.1).

Step I1l:  Corresponding to the zones that do not have a foreground pixel, set the values of
a, b and c as zero.

Step IV:  Normalize the feature values in the scale [0, 1] as follows:
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Normalized feature NV,

(Actual feature V; — min of actual feature vector)

~ (max of actual feature vector — min of actual feature vector)

Table 5.1: Parabola fitting based feature values for the Gurmukhi character () given in

Figure 5.1

Zone a b Cc Zone a b c
Z1 0 0 1 Z, 0.9142 0.9498 0.2532
Z3 0.9709 | 0.9799 0.1307 Z4 1 1 0.0988
Zs 0.9401 | 0.9467 0.101 Zs 0.7085 0.7886 0.1575
Z; 0.3689 | 0.5425 0.2814 Zsg 0.3515 0.5123 0.2313
Zo 0.331 0.4853 0.2065 Z1o 0.3074 0.4562 0.1869
Z11 0 0 0 Z1> 0 0 0
Z13 0 0 0 Z14 0 0 0
Zis 0 0 0 Zis 0 0 0
Z17 0.2502 | 0.4164 0.1918 Zig 0.2451 0.4089 0.1738
Z19g 0 0 0 Z2 0 0 0
Zn 0 0 0 Z 0 0 0
723 0 0 0 Zos 0 0 0
Zos 0 0 0 Zo 0 0 0
Zy7 0 0 0 Zog 0.2106 0.381 0.1794
Z29 0 0 0 Z30 0 0 0
Z31 0 0 0 Z3 0 0 0
Z33 0 0 0 Z34 0 0 0
Z3s5 0 0 0 Z3g 0 0 0
Z37 0 0 0 Z3g 0.1946 0.3713 0.1722
Z39 0 0 0 Z0 0 0 0
Zn 0 0 0 Zs 0.2032 0.3778 0.1583
Z43 0.2057 | 0.3792 0.1659 Zas 0.2127 0.387 0.1557
Zss 0.2029 | 0.3748 0.1456 Zas 0.2038 0.3723 0.1381
Z47 0 0 0 Zssg 0.2079 0.3761 0.1416
Z19 0 0 0 Zso 0 0 0
Zs1 0.2079 | 0.3781 0.1397 Zs, 0.2058 0.3746 0.131
Zs3 0 0 0 Zs4 0 0 0
Zss 0 0 0 Zs6 0.1991 0.3725 0.1338
Zs7 0.2062 | 0.3768 0.1263 Zssg 0.2021 0.3706 0.1175
Zso 0 0 0 Zeo 0 0 0
Ze1 0.2067 0.377 0.1186 Zeo 0.2024 0.3719 0.1173
Ze3 0.1927 | 0.3624 0.1161 Zea 0.1914 0.3617 0.1121
Zes 0.1936 | 0.3625 0.1075 Zeo 0.1922 0.36 0.1102
Ze7 0.1874 | 0.3552 0.1097 Zes 0 0 0
Zso 0 0 0 Z0 0 0 0
Zn 0 0 0 Z7 0 0 0
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Z73 0.1937 | 0.3641 0.1182 Z74 0 0 0
Z7s 0 0 0 Z76 0 0 0
Z77 0.1993 | 0.3722 0.1179 Z7g 0.1972 0.3672 0.1169
Z79 0 0 0 Zgo 0 0 0
Zg1 0 0 0 Zgp 0 0 0
Zg3 0 0 0 Zgy 0 0 0
Zsgs 0 0 0 Zg 0 0 0
Zg7 0 0 0 Zgg 0.1937 0.3615 0.1162
Zgg 0 0 0 Zyo 0 0 0
Zg1 0 0 0 Zyp 0 0 0
Zg3 0 0 0 Zyy 0 0 0
Zgs 0 0 0 Zgg 0 0 0
Zg7 0 0 0 Zgg 0.1936 0.361 0.1135
Zgg 0 0 0 Z100 0 0 0

5.2 Power curve fitting based feature extraction (Proposed Method I1)

A power curve of the form y = ax? is uniquely defined by two parameters: a and b. In
power curve fitting based feature extraction technique, the thinned image of a character is
again divided into n (=100) zones. A power curve is fitted to the series of ON pixels
(foreground pixels) in each zone using LSM. Thus, the values of a and b are calculated by
the following process.

The power curve is given by:

This gives,
logy =loga + blogx
Let us take,
logy=Y, log a = Aand log x = X, This gives rise to a linear relationship in X and Y. The
normal equations are now obtained using LSM. These are solved and the value of a is
obtained using the above relationship.
As a result of this curve fitting, we will obtain 2n features for a character image as shown

in Table 5.2 for the Gurmukhi character ().

The steps that have been used to extract these features are given below.
Step I:
Step IlI:

Divide the thinned image into n (= 100) number of equal sized zones.

In each zone, fit a power curve using the least square method and calculate the
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Step 1lI:

Step IV:

values of a and b.
Corresponding to the zones that do not have a foreground pixel, set the value of a
and b as zero.
Normalize the feature values in the scale [0, 1] as follows:
Normalized feature NV,

(Actual feature V; — min of actual feature vector)

~ (max of actual feature vector — min of actual feature vector)

Table 5.2: Power curve fitting based feature values for the Gurmukhi character ()

given in Figure 5.1

Zone a b Zone a b
Z1 0.5816 | 0.2922 Z, 0.1519 | 0.4594
Z3 0.0639 | 0.5629 Z4 0.01 0.785
Zs 0.0025 1 Zs 0.1596 | 0.4738
Z7 0.2913 | 0.3784 Zsg 0.4669 | 0.3238
Zg 0.5726 0.304 Z1o 0.6607 | 0.2873
Z11 0 0 Z1> 0 0
Z13 0 0 Z14 0 0
Zis 0 0 Zis 0 0
Z17 0.6785 | 0.2897 Zig 0.7393 | 0.2726
Z19 0 0 Z2 0 0
Zn 0 0 Z 0 0
7 0 0 Zos 0 0
Zos 0 0 Zo 0 0
Z7 0 0 Zog 0.731 0.2751
Z29 0 0 Z30 0 0
Z31 0 0 Z3 0 0
Z33 0 0 Z3 0 0
Z3s 0 0 Z3s 0 0
Z37 0 0 Z3g 0.767 0.2672
Z39 0 0 Z0 0 0
Zn 0 0 Zs 0.8073 | 0.2601
Zu3 0.798 0.2626 Zus 0.8086 | 0.2662
Zss 0.8543 | 0.2602 Zss 0.8842 | 0.2506
Z47 0 0 Zsg 0.8697 | 0.2508
Zs9 0 0 Zso 0 0
Zs1 0.8855 | 0.2511 Zs> 0.9151 | 0.2473
Zs3 0 0 Zss 0 0
Zss 0 0 Zss 0.8991 | 0.2524
Zs7 0.9162 | 0.2436 Zss 0.9487 | 0.2393
Zs9 0 0 Zeo 0 0
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Zs1 0.938 0.2426 Zs> 0.9503 | 0.2387
Zs3 0.9687 | 0.2332 Zsy 0.9757 | 0.2288
Zss 0.9941 | 0.2252 e 0.9954 | 0.2252
Ze7 1 0.2254 Zsg 0 0
Zsg 0 0 Z7o 0 0
Z7 0 0 Z7 0 0
Z73 0 0 yan 0 0
Z7s 0 0 Z7s 0 0
Z77 0.9528 | 0.2338 Zg 0.9636 | 0.2282
Z79 0 0 Zgo 0 0
Zg1 0 0 Zgp 0 0
Zg3 0 0 Zgy 0 0
Zgs 0 0 Zgs 0 0
Zg7 0 0 Zgg 0.9658 | 0.2264
Zgg 0 0 Zyg 0 0
Zy1 0 0 Zyp 0 0
Zg3 0 0 Zoy 0 0
Zgs 0 0 Zgs 0 0
Zgy7 0 0 Zgg 0.9767 | 0.2252
Zgg 0 0 Z100 0 0

5.3 Experimental results

74

In this section, we have presented the experimental results based on proposed feature

extraction techniques and a comparison has also been made with the existing features. Two

classifiers, namely, k-NN and SVM have been utilized in this work in order to compare the

proposed feature extraction techniques with other recently used feature extraction techniques,

namely, zoning features, diagonal features, intersection and open end points features,

directional features, and transition features. Each technique has been tested by using 5600

samples of isolated offline handwritten Gurmukhi characters.

Table 5.3: Five distinct types of partitioning

Type | Training Data | Testing Data
a 50% 50%
b 60% 40%
C 70% 30%
d 80% 20%
e 90% 10%
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In order to find the best feature set for a given offline handwritten Gurmukhi character, a
performance analysis has also been carried out. We have partitioned the data set in five

different ways a, b, ¢, d and e as depicted below in Table 5.3.

5.3.1 Performance analysis based on k-NN classifier

In this sub-section, experimental results of the data set for the partitions (a, b, ..., €), based
on k-NN classifier, are presented (Table 5.4). We have carried out experiments using k-NN
classifier for the values of k = 1, 3, 5, and 7. These experiments gave the best recognition
accuracy for the value of k = 5. It has been noticed that power curve fitting based features
with k-NN classifier, achieved the maximum recognition accuracy of 97.9% when we used

data set partitioning strategy c. These results are graphically shown in Figure 5.2.

Table 5.4: Recognition accuracy based on k-NN classifier for various feature extraction

techniques
= Feature extraction techniques
Q Intersection Parabola Power
g Zoning | Diagonal | Directional and open | Transition curve curve
o end point fitting fitting
a | 82.9% 81.9% 79.8% 81.3% 79.8% 92.9% 96.7%
b | 82.2% 82.5% 81.3% 82.2% 81.3% 93.1% 97.9%
c | 79.6% 84.1% 76.5% 82.4% 84.1% 94.5% 97.9%
d | 81.9% 84.0% 81.4% 86.7% 84.0% 94.1% 97.0%
e | 89.7% 93.1% 86.6% 83.7% 83.1% 95.4% 96.3%
100, 00%

g B0.00% .

b

-;:=: BO.D0% c

% 70.00% =

§ GO, D0 }

=

SO0.00%:
Zoning Diagonal Directional Intersection Transition Parabola POVAET CLINGE
feature feature featursa and open end feature curve fitting fitting
point feature feature feature
Feature Extraction Techniques

Figure 5.2: Recognition accuracy based on k-NN classifier for various feature extraction

techniques
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5.3.2 Performance analysis based on SVM with linear kernel classifier

In this sub-section, performance for the five data set partitions (a, b, ..., €), based on
SVM with linear kernel classifier, are presented (Table 5.5). One can see that power curve
fitting based features enable us to achieve a recognition accuracy of 94.6% when we use data
set partitioning strategy e and SVM with linear kernel classifier. These results are graphically

shown in Figure 5.3.

Table 5.5: Recognition accuracy based on SVM with linear kernel for various feature

extraction techniques

Feature extraction techniques
Strate Intersection Parabola | Power
gy Zoning | Diagonal | Directional and open | Transition curve curve
end point fitting fitting
a 64.9% 81.3% 77.4% 81.4% 58.1% 72.0% 82.9%
b 63.9% 82.2% 79.5% 81.5% 60.2% 77.1% 84.4%
Cc 66.2% 84.4% 79.6% 82.4% 62.1% 77.7% 84.9%
d 69.9% 87.3% 81.9% 86.7% 69.1% 82.4% 88.1%
e 73.7% 93.1% 89.7% 89.4% 72.0% 83.7% 94.6%
100.00%

g 90.00% el

§ ——b

<:t 80.00% o

% 70.00% —te—d

§ 60.00% - T

o
50.00%
Zoning Diagonal Directional Intersection Transition Parabola Powercurve
feature feature feature and open end feature curve fitting fitting
point feature feature feature
Feature Extraction Techniques

Figure 5.3: Recognition accuracy based on SVM with linear kernel classifier for various
feature extraction techniques

5.3.3 Performance analysis based on SVM with polynomial kernel
classifier

In this sub-section, performance for the five data set partitions (a, b, ..., €), based on
SVM with polynomial kernel classifier, are presented (Table 5.6). The degree of polynomial
for SVM with polynomial kernel is 3. It has been observed that the power curve fitting based

features make it possible to achieve a recognition accuracy of 94.0% when we use data set
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strategy e and SVM with polynomial kernel classifier. These results are again graphically

shown in Figure 5.4.

Table 5.6: Recognition accuracy based on SVM with polynomial kernel for various
feature extraction techniques

Feature extraction techniques
Strate Intersection Parabola | Power
gy Zoning | Diagonal | Directional and open | Transition curve curve
end point fitting | fitting
a 58.9% 76.1% 76.4% 74.2% 57.9% 80.0% | 84.2%
b 59.1% 77.4% 77.4% 78.1% 59.3% 81.6% 84.6%
c 61.1% 79.7% 79.1% 78.1% 62.6% 84.0% 85.9%
d 68.1% 83.7% 83.7% 83.4% 69.7% 86.1% | 90.9%
e 72.0% 90.0% 89.4% 84.0% 73.1% 88.3% | 94.0%
100, 00%

g 90.00% e — ——a

§ —-—b

-g B0.00% c

% 70.00% e

E GO.00% T

o
S0.00%
Foning Diagonal Directional Intersection Transition Parabola Power cunee
feature feature feature and open end feature ourve fitting fitting
point feature feature feature
Feature Extraction Techniques

Figure 5.4: Recognition accuracy based on SVM with polynomial kernel classifier for
various feature extraction techniques

5.3.4 Performance analysis based on SVM with RBF kernel classifier

In this sub-section, results on the five data set partitions (a, b, ..., €), based on SVM with
RBF kernel classifier are illustrated (Table 5.7). It has been seen that power curve fitting
based features and SVM with RBF kernel classifier achieved a maximum recognition
accuracy of 92.3% when we used data set partitioning strategy e. These results are

graphically shown in Figure 5.5.
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Table 5.7: Recognition accuracy based on SVM with RBF kernel for various feature

extraction techniques

78

Feature extraction techniques
Strate Intersection Parabola | Power
gy Zoning | Diagonal | Directional and open | Transition curve curve
end point fitting fitting
a 64.9% 76.0% 54.0% 82.4% 58.1% 66.9% 79.9%
b 63.9% 78.2% 57.9% 84.2% 60.2% 66.8% 81.6%
C 66.2% 78.7% 60.0% 85.8% 62.1% 68.3% 83.7%
d 69.9% 84.0% 64.3% 88.7% 69.1% 74.1% 87.4%
e 73.7% 85.7% 69.1% 91.4% 72.0% 75.7% 92.3%
100.00%

g 90.00% il

g - b

g 80.00% o

EZ 70.00% —re—d

§ 60.00% gl

o
50.00%
Zoning Diagonal Directional Intersection Transition Parabola Powercurve
feature feature feature and open end feature curve fitting fitting
point feature feature feature
Feature Extraction Techniques

Figure 5.5: Recognition accuracy based on SVM with RBF kernel classifier for various
feature extraction techniques

5.4 Discussion and conclusion

In this chapter, we have proposed two efficient feature extraction techniques, namely,
parabola fitting based and power curve fitting based for offline handwritten Gurmukhi
character recognition. The classifiers that have been employed in this study are k-NN; and
SVM with three categories, namely, Linear-SVM, Polynomial-SVM and RBF-SVM. The
system achieves maximum recognition accuracy of 97.9%, 94.6%, 94.0% and 92.3% using k-
NN, Linear-SVM, Polynomial-SVM and RBF-SVM classifiers, respectively, when power

curve fitting based features are used as inputs to the classification process.

It has also been observed that the results achieved using parabola fitting based features
are better than recently used feature extraction techniques. Maximum recognition accuracy of

95.4% could be achieved when the parabola fitting based features were used with k-NN
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classifier and data set partitioning strategy e. In the present work, the highest recognition
accuracy of 97.9% could be achieved when the power curve fitting based features were used
with k-NN classifier. In this case, 70% data was taken in training set and 30% data was
considered in testing set (strategy c). As such, the results obtained using the power curve
fitting based features are promising. This technique can further be explored by combining

with other techniques for achieving higher recognition accuracy.



Chapter 6

Recognition of Offline Handwritten
Gurmukhi Characters using k-fold Cross
Validation

In this chapter, we have presented an offline handwritten Gurmukhi character recognition
system using k-fold cross validation technique. In general, k-fold cross validation technique
divides a complete data set into £ equal sub-sets. Then one sub-set is taken as testing data and
remaining k-1 sub-sets are taken as training data. In this work, we have used various feature
extraction techniques, namely, zoning features, diagonal features, directional features,
intersection and open end points features, transition features, parabola curve fitting based
features, power curve fitting based features, shadow features, centroid features, peak extent
based features and modified division point based features. The peak extent based features
and modified division point based features are the new features proposed in this work. For
classification, we have considered k-NN, Linear-SVM, Polynomial-SVM and MLP classifier.
We have used only two flavours of SVM, namely, Linear-SVM and Polynomial-SVM (with
degree 3) in this chapter owing to the fact that these gave a reasonably good accuracy when
used in previous chapter for measuring the performance of curve based features. This chapter
is divided into six sections. Section 6.1 presents the shadow feature extraction technique,
section 6.2 contains centroid feature extraction technique, section 6.3 describes peak extent
based feature extraction technique and in section 6.4 we have illustrated modified division
point based feature extraction technique. Experimental results are depicted in section 6.5 and

in section 6.6 we have presented the conclusion of this chapter.

80
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6.1 Shadow feature extraction technique

The lengths of projections of the character images, as shown in Figure 6.1 are considered
to extract shadow features with the assistance of character images on the four sides of the
minimal bounding boxes that enclose the character image (Basu et al., 2009). Each of the
respective values of the shadow feature is divided by the maximum possible length of the
projections on each side that has been extracted and that needs to be normalized. The profile
counts the number of pixels between the edge of the character and the bounding box of the
character image. Shadow features illustrate well the exterior drawing of characters and allow

uniqueness between a number of confusing characters, such as “&” and “d”.

—

—
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|“|||||||||||.||||||‘, M

Figure 6.1 Shadow feat(lf?es: (a) Gurmukhi character (“g”), (b()b%aurmukhi character
(“a”).

The steps that have been used to extract these features are given below.

Step I:  Input the character image of 100x100 size.

Step Il:  Calculate the length of projections of white pixels of the character image on all the
four sides i.e. top, bottom, left and right as shown in Figure 6.1.

Step I1I: Calculate the projection profile as number of background pixels between the edge
of the character and bounding box of the character image.

Step IV: Normalize the values of feature vector by dividing each element of the feature
vector by the largest value in the feature vector.

These steps yield a feature set with 400 elements.
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6.2 Centroid feature extraction technique

Centroid is the point that can be considered as the center of a two-dimensional image.
Coordinates of the centroid of foreground pixels in each zone of a character image can also

be considered as features (Basu et al., 2009).

The following steps have been implemented for extracting these features.

Step I:  Divide the bitmap image into n (=100) number of zones, each of size 10x10 pixels.
Step Il:  Find the coordinates of foreground pixels in each zone.
Step I1I: Calculate the centroid of these foreground pixels and store the coordinates of

centroid as a feature value.
Step IV: Corresponding to the zones that do not have a foreground pixel, take the feature
value as zero.

These steps give a feature set with 2n elements.

6.3 Peak extent based feature extraction technique (Proposed method I11)

In this chapter, we have proposed a technique for feature extraction, namely, peak extent
based feature. The peak extent based feature is extracted by taking into consideration the sum
of the peak extents that fit successive black pixels along each zone, as shown in Figure 6.2
(a-c). Peak extent based features can be extracted horizontally and vertically. In the
horizontal peak extent features, we consider the sum of the peak extents that fit successive
black pixels horizontally in each row of a zone as shown in Figure 6.2 (b), whereas in
vertical peak extent features we consider the sum of the peak extents that fit successive black

pixels vertically in each column of a zone as depicted in Figure 6.2 (c).

The steps that have been used to extract these features are given below.

Step I:  Divide the bitmap image into n (=100) number of zones, each of size 10x10 pixels.
Step Il:  Find the peak extent as sum of successive foreground pixels in each row of a zone.
Step I1lI: Replace the values of successive foreground pixels by peak extent value, in each

row of a zone.



Chapter 6. Recognition of Offline Handwritten Gurmukhi Characters using k-fold Cross Validation 83

Step IV: Find the largest value of peak extent in each row. As such, each zone has 10
horizontal peak extent features (Figure 6.2(b)).

Step V: Obtain the sum of these 10 peak extent sub-feature values for each zone and
consider this as a feature for corresponding zone.

Step VI: For the zones that do not have a foreground pixel, take the feature value as zero.

Step VII: Normalize the values in feature vector by dividing each element of the feature
vector by the largest value in the feature vector.

Similarly, for vertical peak extent features, we have considered the sum of the lengths of
the peak extents in each column of each zone as shown in Figure 6.2 (c). These steps will

give a feature set with 2n elements.

oo o | o | O RS
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(@) (b) (©)

Figure 6.2 Peak extent based features: (a) Zone of bitmap image, (b) Horizontally peak
extent based features, (c) Vertically peak extent based features.

6.4 Modified division points based feature extraction technique (Proposed
method 1V)

In this section, we have presented Modified Division Points (MDP) based feature
extraction technique. In this technique, initially, we have divided the character image into n
(=100) zones, each of size 10x10 pixels. Let Img(x,y) be the character image having 1’s
representing foreground pixels and 0’s representing background pixels. The proposed
methodology is based on sub-parts of the character image so that the resulting sub-parts have

balanced numbers of foreground pixels. Let 1,

,[xmax] be the vertical projection and

H,, [ymax] be the horizontal projection of the particular zone Z; as shown in Figure 6.3.
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V,=[4,7,6,5,6,8,3,6,7,1]
H,=1[6,8,6,5,6,4,3,4,6,5]

Here, in V, the division point (d,) of array is 5 (fifth element), because sum of the left
sub-array elements and sum of the right sub-array elements is balanced as far as possible, if
we consider fifth element into the left sub-array. Similarly, we have calculated the division
point (d,)of H, which is taken as 4 (fourth element). The values of division points

d, and d;, of each zone are stored as features in the feature vector.

Figure 6.3: Bitmap of zone Z,

The steps that have been used to extract these features are given below:

Step I: Divide the bitmap image into n (=100) number of zones, each of size 10x10
pixels.
Step Il:  Find the horizontal projection profiles H, and vertical projection profiles V, in

each zone of a bitmap image.

Step Ill:  Store the horizontal projection profiles values in array H and vertical projection
profiles values in array V.

Step IV:  After that, calculate the value of division point (d;, ) of array H and division point
(d,) of array V based on sub-parts of the arrays so that the resulting sub-arrays
have balanced numbers of foreground pixels.

Step V:  Consider the values of (d,) and (d,) in left sub-array for make the possible
balance between left sub-array and right sub-array.

Step VI:  Calculate the values of (d,) and (d,) for each zone and placed in the

corresponding zone as its feature.
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Step VII: Corresponding to the zones that do not have a foreground pixel, the feature value
is taken as zero.

Step VIII: Normalize the values of feature vector by dividing each element of the feature
vector by the largest value in the feature vector.

These steps give a feature set with 2n elements.

6.5 Experimental results and comparisons with recently used feature
extraction techniques

In this section, the results of recognition system for offline handwritten Gurmukhi
characters with k-fold cross validation are presented. In the experimentation work in this
thesis, we have considered four example values of k (= 3, 4, 5 and 10) in the k-fold cross
validation. However, we have reported the results for k = 5 in this chapter as this yielded the
highest accuracy for different classifiers. The recognition results are further based on various
feature extraction techniques, namely, shadow features, centroid features, peak extent based
features and modified division point based features. Comparison between these feature
extraction techniques and other recently used feature extraction techniques, namely, zoning
features, diagonal features, directional features, intersection and open end points features and
transition features has also been presented. Classifiers, namely, k-NN, Linear-SVM,
Polynomial-SVM and MLP have been considered in this work for recognition purpose and in
order to compare the recognition results of the proposed feature extraction techniques. For
the present work, we have used 5,600 samples of isolated offline handwritten Gurmukhi

characters written by one hundred different writers.

Classifier-wise experimental results of testing are presented in following sub-sections.

6.5.1 Recognition results based on k-NN classifier

In this sub-section, experimental results based on k-NN classifier are presented. It has
been seen that peak extent features, with k-NN classifier, achieved an average recognition

accuracy of 95.5%. Recognition results based on k-NN classifier are depicted in Table 6.1.
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Table 6.1: Recognition results based on k-NN classifier

Feature Extraction Techniques

k-fold [ = S £ £ =
- _— ©

° 2 o S 2 = SE | =5 2 B |Be,.| =
c c o = 5] QB o = [®) o = .0

Cross = S = > D S = = S s =5 E S

validation | & S 3 = e e | Do e S |828| x

N A = ': £ o S = n O ST o

& IS 3 3 o

Fold1l | 70.9% | 86.7% | 70.7% | 89.3% | 77.1% | 71.9% | 68.4% | 71.6% | 90.0% | 91.1% | 96.0%

Fold2 |69.4% | 86.1% | 74.6% | 83.1% | 88.3% | 91.7% | 98.2% | 69.4% | 89.0% | 88.7% | 96.3%

Fold3 | 76.1% | 88.0% | 77.0% | 89.0% | 79.4% | 92.3% | 98.7% | 76.0% | 94.7% | 94.7% | 96.6%

Fold4 | 63.7% | 79.3% | 67.7% | 78.1% | 82.9% | 69.9% | 67.0% | 69.9% | 87.4% | 81.1% | 92.0%

Fold5 | 71.0% | 88.1% | 72.6% | 82.4% | 72.1% | 69.1% | 65.0% | 73.1% | 89.3% | 90.3% | 96.6%

Average | 70.2% | 85.6% | 72.5% | 84.4% | 79.9% | 78.9% | 79.5% | 72.0% | 90.1% | 89.2% | 95.5%

6.5.2 Recognition results based on Linear-SVM classifier

In this sub-section, recognition results of Linear-SVM classifier are presented. Using this
classifier, we have achieved an average recognition accuracy of 95.6% with proposed peak
extent based feature extraction technique. The recognition results of different features

considered under this work are given in Table 6.2.

Table 6.2: Recognition results based on Linear-SVM classifier

Feature Extraction Techniques

—_— [@)) [5)
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Fold1l | 63.6% | 77.9% | 53.3% | 54.0% | 61.9% | 52.7% | 48.6% | 75.7% | 94.9% | 84.3% | 95.6%

Fold2 | 69.7% | 78.9% | 55.3% | 56.6% | 67.7% | 76.6% | 80.3% | 84.7% | 98.3% | 85.1% | 98.1%

Fold3 | 66.1% | 83.9% | 56.0% | 55.7% | 64.7% | 68.6% | 79.1% | 79.4% | 98.1% | 86.4% | 96.6%

Fold4 | 60.4% | 72.0% | 51.0% | 60.2% | 58.1% | 54.6% | 50.0% | 79.3% | 85.4% | 79.9% | 91.3%

Fold5 | 70.0% | 81.0% | 60.0% | 62.0% | 70.3% | 60.3% | 57.9% | 90.1% | 90.4% | 87.1% | 96.6%

Average | 66.0% | 78.7% | 55.1% | 57.7% | 64.5% | 62.5% | 63.2% | 81.8% | 93.4% | 84.6% | 95.6%

6.5.3 Recognition results based on Polynomial-SVM classifier

In this sub-section, recognition results of Polynomial-SVM classifier are presented. Using

this classifier, we have achieved an average recognition accuracy of 92.4% with proposed
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peak extent based feature extraction technique. The recognition results of different features
considered under this work are given in Table 6.3.

Table 6.3: Recognition results based on Polynomial-SVM classifier

Feature Extraction Techniques

k-fold > = [ S S K E’ e = T |Bc £
cross S S 2 = 8 |82 | 32| 8 S |ESE %
validation | S ;éf’ 8 5 5 5¢ | 28| £ 5 |823] ¥
5 = E | 23|38 © |2 &

Fold1l |62.9% | 72.2% | 51.1% | 52.4% | 62.9% | 51.2% | 52.3% | 72.1% | 87.2% | 82.2% | 91.2%

Fold2 | 68.6% | 73.2% | 52.2% | 54.4% | 65.3% | 78.1% | 81.5% | 79.6% | 85.5% | 83.5% | 94.4%

Fold3 | 67.1% | 81.8% | 54.7% | 54.2% | 61.3% | 58.3% | 78.1% | 81.5% | 89.1% | 87.1% | 92.8%

Fold4 | 58.2% | 68.2% | 48.3% | 58.7% | 52.3% | 56.2% | 65.1% | 72.2% | 81.2% | 74.5% | 90.2%

Fold5 |66.1% | 74.6% | 57.2% | 67.1% | 67.1% | 64.9% | 49.2% | 82.2% | 90.1% | 82.4% | 93.5%

Average | 64.6% | 73.9% | 52.7% | 57.4% | 61.8% | 61.7% | 65.2% | 77.5% | 86.6% | 81.9% | 92.4%

6.5.4 Recognition results based on MLP classifier

In this sub-section, we have presented recognition results of different features considered
in this work based on MLP classifier. Using this classifier, we have achieved an average
recognition accuracy of 94.7% with proposed peak extent based feature extraction technique.

The recognition results of different features are given in Table 6.4.

Table 6.4: Recognition results based on MLP classifier

Feature Extraction Techniques

k-fold — © c S < X 2 - c
= s c =) g~ S B 5 2 8 2 c [
e c o) = B o B o0 O o o = O + +—
cross S S = = 3 S & o c S 5 |EGE &

. . (o)) 7] @© ] )
validation | & g D = £ So | gE & s |828| «x
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Fold1l |86.0% | 81.1% | 53.1% | 79.6% | 76.1% | 61.0% | 60.4% | 73.3% | 91.0% | 86.1% | 94.3%

Fold2 | 84.7% | 82.0% | 56.6% | 67.7% | 63.7% | 60.0% | 59.4% | 71.1% | 93.8% | 86.9% | 96.3%

Fold3 | 85.1% | 80.0% | 56.1% | 80.9% | 71.0% | 61.3% | 68.2% | 72.6% | 82.6% | 88.1% | 96.3%

Fold4 |84.1% | 80.9% | 52.4% | 65.1% | 77.9% | 59.6% | 59.6% | 70.6% | 82.1% | 84.7% | 91.2%

Fold5 |59.6% | 80.3% | 56.3% | 78.7% | 67.7% | 68.6% | 59.3% | 72.0% | 93.3% | 83.4% | 95.5%

Average | 79.9% | 80.9% | 54.9% | 74.4% | 71.3% | 62.1% | 61.4% | 71.9% | 88.6% | 85.8% | 94.7%
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6.6 Discussions and conclusion

The work presented in this chapter proposes an offline handwritten Gurmukhi character
recognition system using k-fold cross validation technique. The classifiers that have been
employed in this work are k-NN, Linear-SVM, Polynomial-SVM and MLP. We have used
5600 samples of isolated offline handwritten Gurmukhi characters in this study. Two new
feature extraction techniques have also been proposed in this chapter. We conclude that peak
extent based features are preeminent features as compared to other feature extraction
techniques. As depicted in Table 6.5, we could achieve a 5-fold cross validation accuracy
with peak extent based features as 95.6%, 92.4%, 95.5% and 94.7% with Linear-SVM,
Polynomial-SVM, £-NN and MLP classifier, respectively.

Table 6.5: Recognition results based on 5-fold cross validation technique with peak
extent based features

Classifier Recognition Accuracy
Linear-SVM 95.6%
Polynomial-SVM 92.4%
k-NN 95.5%
MLP 94.7%




Chapter 7

PCA Based Analysis and Hierarchical
Feature Extraction for Offline Handwritten
Gurmukhi Character Recognition System

Principal Component Analysis (PCA) has widely been used for extracting representative
features for pattern recognition and has also been used to reduce the dimension of data
(Sundaram and Ramakarishnan (2008), Deepu et al. (2004)). In the present work, we have
explored this technique for the process of recognizing offline handwritten Gurmukhi characters
and a technique for offline handwritten Gurmukhi character recognition based on PCA is
presented. The system first prepares a skeleton of the character so that meaningful feature
information about the character can be extracted. PCA is then applied to these features for
finding the linear combination of relevant features. These combinations are then inputted to
classification process. For classification, we have used k-NN, Linear-SVM, Polynomial-SVM
and RBF-SVM based approaches and also combinations of these approaches. This chapter is
divided into four sections. Section 7.1 introduces the concepts of PCA, section 7.2 presents the
experimental results based on PCA and section 7.3 presents a hierarchical feature extraction

technique for offline handwritten character recognition and section 7.4 concludes the chapter.

7.1 Principal component analysis

PCA is the method that is used to identify correlation among a set of variables for the

purpose of data reduction. This powerful exploratory method provides insightful graphical

89



Offline Handwritten Gurmukhi Script Recognition 90

summaries with an ability to include additional information as well. There are various
applications of PCA, namely, summarizing of large sets of data, identifying structure,
identifying redundancy, and producing insightful graphical displays of the results.

In pattern recognition field, PCA is used as a mathematical procedure that employs a
transformation to convert a set of observations of, possibly, correlated features into a set of
values of un-correlated features called as principal components. PCA is a well-established
technique for extracting representative features for character recognition and is used to reduce
the dimensions of the data. The technique is useful when a large number of variables prohibit
effective interpretation of the relationships between different features. By reducing the
dimensionality, one can interpret from a few features rather than a large number of features.
The number of principal components is generally less than the number of original variables. By
selecting top j eigen vectors with larger eigen values for subspace approximation, PCA can
provide a lower dimension representation to expose the underlying structures of the complex
data sets. Let there be P features for handwritten character recognition. In the next step, the
symmetric matrix S of covariance between these features is calculated. Now, the eigen vectors
U; (i=1,2,...,P) and the corresponding eigen values A; (i = 1,2, ..., P) are calculated. From
these P eigen vectors only j eigen vectors are chosen, corresponding to the larger eigen values.
An eigen vector, corresponding to higher eigen value, describes more characteristic features of
a character. Using these j eigen vectors, feature extraction is done using PCA. In the present
work, twelve features for a Gurmukhi character have been considered and the
experiments have been conducted by taking 2, 3, 4, 5, 6, 7, 8, 9, 10, 11 and 12 principal
components extracted with SPSS software tool. In the next section, the results of these

experimentation are presented.

7.2 Experimental results and discussion

In this section, results of offline handwritten Gurmukhi character recognition system using
PCA are presented. The features that have been considered are zoning features, diagonal
features, directional features, transition features, intersection and open end points features,

parabola curve fitting based features, power curve fitting based features, shadow features,
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centroid features, peak extent based features and modified division points based features. The
recognition results are obtained for four classifiers, namely, k-NN, Linear-SVM, Polynomial-
SVM and RBF-SVM. We have also used combinations of the output of each classifier in
parallel, and recognition is done on the basis of the voting scheme. We have considered the

following combinations of classifiers:

LPR (Linear-SVM + Polynomial-SVM + RBF-SVM),
PRK (Polynomial-SVM + RBF-SVM + k-NN),

LRK (Linear-SVM + RBF-SVM + k-NN) and

LPK (Linear-SVM + Polynomial-SVM + k-NN)

In this work, we have divided the data set of each category using five partitioning strategies
(a, b, c, d and e) as given in Table 5.3. We have also experimented with 5-fold cross validation
technique for partitioning of training and testing data set.

Category-wise results of a recognition system based on PCA are presented in the following

sub-sections.

7.2.1 Recognition accuracy for category 1 samples

In this section, we have considered each Gurmukhi character written one hundred times by
a single writer. For the sake of comparisons between the performance of principal components,
two principal components (2-PC), three principal components (3-PC), ..., twelve principal
components (12-PC) have been considered to be taken as input to the classifiers. Partitioning
strategy-wise and 5-fold cross validation technique based experimental results of testing are

presented in the following sub-sections.

7.2.1.1 Recognition accuracy using strategy a

In this sub-section, classifier wise recognition results of partitioning strategy a have been

presented. LRK is the best classifiers combination for offline handwritten Gurmukhi character
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recognition when this strategy is followed. Maximum accuracy of 98.9% could be achieved
for this strategy. Recognition results of classifiers and their combinations are given in Table

7.1 for twelve features (12-feature) and twelve principal components.

Table 7.1: Classifier wise recognition accuracy for category 1 samples with strategy a

ngggg’eﬂ s Lé'cf,f‘/lr ZQ}KA 555[ kNN | LPR | PRK LRK | LPK | Average
2.PC 94.0% | 95.4% | 95.4% | 94.7% | 97.5% | 98.2% | 98.2% | 98.3% | 96.5%
3-PC 92.9% | 91.3% | 93.4% | 97.7% | 96.7% | 97.7% | 98.3% | 97.9% | 95.8%
4-pC 92.8% | 69.7% | 91.1% | 93.2% | 96.0% | 96.7% 97.5% | 91.9%
5-PC 93.6% | 80.5% | 92.5% | 91.9% | 96.5% | 96.5% | 97.9% | 97.0% | 93.3%
6-PC 94.4% | 89.1% | 93.8% | 84.7% | 97.0% | 97.9% | 98.2% | 98.1% | 94.2%
7-PC 94.6% | 83.7% | 94.3% | 82.6% | 97.7% | 98.3% | 98.8% | 98.2% | 93.5%
8-PC 94.3% | 91.1% | 94.9% | 83.6% | 92.8% | 97.8% | 97.8% | 98.2% | 93.8%
9-PC 92.8% | 92.5% | 94.9% | 88.7% | 93.6% | 96.4% | 98.3% | 98.3% | 94.4%
10-PC | 93.7% | 84.7% | 95.2% | 92.8% | 95.1% | 90.1% | 98.8% | 98.6% | 93.6%
11-PC | 93.9% | 82.6% | 91.9% | 94.7% | 89.2% | 98.2% | 98.6% | 98.5% | 93.5%
12PC | 93.7% | 86.4% | 89.0% | 94.8% | 86.4% | 985% | 98.3% | 95.1% | 92.9%
12-Features | 94.0% | 95.2% | 17.8% | 70.3% | 97.3% | 89.0% | 88.7% | 97.4% | 81.2%
Average | 93.7% | 86.8% | 87.0% | 89.1% | 94.7% | 96.3% | 97.6% | 97.8% | 92.9%

7.2.1.2 Recognition accuracy using strategy b

We achieved an accuracy of 99.6% with strategy b and we have seen that LPR is the best
classifiers combination for offline handwritten Gurmukhi character recognition for this
strategy. Recognition results for twelve features (12-feature) and twelve principal components

of partitioning strategy b are depicted in Table 7.2.

7.2.1.3 Recognition accuracy using strategy c

In partitioning strategy c, the maximum accuracy that could be achieved is 99.5%. Using

this strategy, we have seen once again that LPR is the best classifiers combination for offline
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handwritten Gurmukhi character recognition. Recognition results of this partitioning strategy,
for twelve features (12-feature) and twelve principal components, are given in Table 7.3.

Table 7.2: Classifier wise recognition accuracy for category 1 samples with strategy b

nggginpeﬂ s Lé'cf,f‘/lr ZQ}KA E\E/‘“FA' kNN | LPR | PRK LRK | LPK | Average
2-PC 95.1% | 95.4% | 95.4% | 97.6% | 98.2% | 985% | 98.4% | 98.9% | 97.2%
3-PC 04.9% | 93.6% | 94.4% | 97.4% | 98.0% | 98.2% | 98.7% | 98.8% | 96.7%
4-PC 95.1% | 79.4% | 92.6% | 96.0% | 97.6% | 97.5% | 98.7% | 98.2% | 94.4%
5-PC 94.9% | 86.6% | 93.4% | 95.4% | 97.7% | 98.2% | 98.8% | 98.3% | 95.4%
6-PC 95.7% | 91.9% | 94.7% | 89.2% | 98.2% | 98.6% | 98.9% | 98.6% | 95.7%
7-PC 95.5% | 89.0% | 94.8% | 86.4% | 98.5% | 98.9% | 99.2% | 98.5% | 95.1%
8-PC 93.0% | 97.4% | 98.4% | 98.6% | 99.4% | 93.4% | 954% | 97.7% | 96.7%
9-PC 93.9% | 92.6% | 99.0% | 99.3% 94.7% | 89.2% | 98.2% | 95.8%
10-PC | 95.2% | 92.8% | 95.1% | 90.1% | 92.8% | 97.8% | 97.8% | 97.9% | 94.9%
11-PC | 95.2% | 90.5% | 94.5% | 86.5% | 93.6% | 96.4% | 98.3% | 98.9% | 94.2%
12PC | 92.9% | 94.5% | 98.5% | 93.4% | 96.0% | 98.8% | 95.4% | 95.1% | 95.6%
12-Features | 95.8% | 92.2% | 20.3% | 73.9% | 98.1% | 88.2% | 88.2% | 98.9% | 8L9%
Average | 94.8% | 91.3% | 89.2% | 91.9% | 97.3% | 96.6% | 96.4% | 98.2% | 94.5%

Table 7.3: Classifier wise recognition accuracy for category 1 samples with strategy ¢

Cmggin‘ﬁ: s "g\‘/e&r z‘\’}KA g\?I\FA' kNN | LPR | PRK | LRK | LPK | Average
2.PC 95.9% | 95.2% | 95.1% | 97.4% | 98.7% | 99.2% | 99.2% | 99.0% | 97.5%
3-PC 95.1% | 93.7% | 94.3% | 97.3% | 98.6% | 98.7% | 99.1% | 99.0% | 97.0%
4-PC 94.9% | 83.6% | 92.8% | 97.8% | 97.8% | 97.9% | 99.0% | 99.5% | 95.4%
5-PC 94.9% | 88.7% | 93.6% | 96.4% | 98.3% | 98.9% | 99.2% | 98.9% | 96.1%
6-PC 95.2% | 92.8% | 98.8% | 90.1% | 98.8% | 99.4% | 995% | 99.2% | 96.7%
7-PC 95.2% | 90.5% | 98.9% | 86.5% | 98.9% | 99.0% | 99.4% | 99.0% | 95.9%
8-PC 92.8% | 97.8% | 97.8% | 99.4% 99.2% | 93.6% | 96.4% | 97.1%
9-PC 93.6% | 96.4% | 98.9% | 99.0% | 99.4% | 99.0% | 95.1% | 90.1% | 96.4%
10-PC | 95.1% | 90.5% | 94.3% | 97.3% | 97.8% | 97.9% | 99.0% | 99.5% | 96.4%
11-PC | 94.9% | 97.8% | 92.8% | 97.8% | 98.3% | 98.9% | 99.2% | 98.9% | 97.3%
12-PC | 92.8% | 90.1% | 98.6% | 97.8% | 99.2% | 94.3% | 94.9% | 95.2% | 95.4%

12-Features | 95.1% | 85.8% | 25.5% | 77.5% | 98.0% | 92.1% | 91.2% | 98.9% | 83.0%
Average | 94.6% | 91.9% | 90.1% | 945% | 98.6% | 97.9% | 97.4% | 97.8% | 95.4%
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In this sub-section, recognition results using partitioning strategy d are presented. Using

this strategy, we have achieved maximum recognition accuracy of 99.6% with LRK classifiers

combination. Recognition results for the features and the principal components under

consideration, using this strategy, are illustrated in Table 7.4.

Table 7.4: Classifier wise recognition accuracy for category 1 samples with strategy d
Cmgginﬁ s Lér\‘f,f‘/lr ';S}KA SR\?I\FA' kNN | LPR | PRK LRK LPK | Average
2.-PC 94.0% | 94.0% | 94.0% | 94.7% | 99.1% | 99.6% 99.4% | 96.8%
3-PC 94.1% | 92.4% | 93.3% | 96.1% | 98.9% | 99.1% | 99.3% | 99.3% | 96.6%
4-PC 93.9% | 85.3% | 92.2% | 97.1% | 98.1% | 98.1% | 99.1% | 98.6% | 95.3%
5-PC 93.7% | 87.3% | 93.0% | 97.4% | 98.4% | 98.6% | 99.4% | 98.9% | 95.8%
6-PC 93.9% | 92.2% | 93.9% | 92.6% | 99.0% | 99.3% | 99.6% | 99.0% | 96.2%
7-PC 93.7% | 90.4% | 87.3% | 93.0% | 99.1% | 99.1% | 99.4% | 99.1% | 95.2%
8-PC 93.0% | 97.4% | 92.2% | 93.9% | 99.4% | 99.1% | 99.3% | 98.6% | 96.6%
9-PC 93.9% | 92.6% | 93.3% | 96.1% | 98.0% | 99.1% | 99.6% | 98.4% | 96.5%
10-PC 92.2% | 93.9% | 98.1% | 93.0% | 99.1% | 98.6% | 99.4% | 99.1% | 96.7%
11-PC 92.6% | 99.0% | 93.9% | 93.9% | 99.4% | 99.3% | 98.6% | 99.4% | 97.0%
12-PC 93.0% | 99.1% | 87.3% | 94.7% | 99.3% | 99.1% | 98.9% | 98.9% | 96.3%
12-Features | 93.1% | 94.4% | 36.5% | 76.4% | 98.6% | 92.7% | 92.7% | 99.0% | 85.4%
Average | 93.4% | 93.2% | 87.9% | 93.3% | 98.9% | 98.5% | 98.8% | 98.9% | 95.4%

7.2.1.5 Recognition accuracy using strategy e

In this sub-section, classifier wise recognition results of partitioning strategy e have been

presented. LRK is the best classifiers combination when we follow this strategy. For the

features and the principal components under consideration, maximum recognition accuracy of

99.9% could be achieved. Recognition results of different classifiers and their combinations

for twelve features (12-feature) and twelve principal components are given in Table 7.5.
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Table 7.5: Classifier wise recognition accuracy for category 1 samples with strategy e

Cmgg;ﬁ s LS”\‘/elf‘Ar l;(\)/l)l()l- g\?I\FA' kNN | LPR | PRK LRK | LPK | Average
2-PC 89.5% | 89.5% | 89.7% | 96.4% | 99.4% | 99.4% | 99.3% | 99.4% | 95.3%
3-PC 89.5% | 87.2% | 89.5% | 97.7% | 99.1% | 99.7% | 99.6% | 99.4% | 95.2%
4-PC 89.5% | 80.6% | 88.3% | 96.6% | 99.9% | 98.6% | 99.6% | 99.1% | 94.0%
5-PC 89.5% | 84.9% | 88.6% | 97.1% | 99.1% | 99.1% | 99.1% | 99.4% | 94.6%
6-PC 89.5% | 87.7% | 98.7% | 88.6% | 99.7% | 99.2% | 99.4% | 99.7% | 95.3%
7-PC 89.5% | 86.0% | 90.0% | 79.1% | 99.7% | 99.7% | 99.6% | 99.4% | 92.9%
8-PC 83.6% | 85.1% | 87.1% | 88.6% | 98.6% | 99.1% | 99.4% | 98.6% | 92.5%
9-PC 88.7% | 80.6% | 88.3% | 99.1% | 99.1% | 96.6% 98.7% | 93.9%
10PC | 92.8% | 84.9% | 88.6% | 99.7% | 99.6% | 97.1% | 99.1% | 98.7% | 95.1%
11.PC | 905% | 87.7% | 91.1% | 88.6% | 99.7% | 99.4% | 96.4% | 93.6% | 93.4%
12PC | 90.0% | 89.1% | 92.1% | 92.2% | 98.6% | 97.1% | 99.4% | 99.1% | 94.7%

12-Features | 89.5% | 89.5% | 70.1% | 69.7% | 99.7% | 96.6% | 96.6% | 99.7% | 88.9%
Average | 89.3% | 86.1% | 88.5% | 91.1% | 99.4% | 98.5% | 99.0% | 98.8% | 93.8%

7.2.1.6  Recognition accuracy using 5-fold cross validation technique

Table 7.6: Classifier wise recognition accuracy for category 1 samples with 5-fold cross
validation technique

Cmggin%ar:ts "S”Q/e&r Z‘\)/'KA g\?l\':/l' kNN | LPR | PRK LRK LPK | Average
2.-PC 91.8% | 92.0% | 92.0% | 94.2% | 96.6% | 97.0% | 97.0% | 97.0% | 94.7%
3-PC 91.4% | 89.8% | 91.1% | 95.3% | 96.3% | 96.7% | 97.0% | 96.9% | 94.3%
4-PC 91.4% | 78.1% | 89.6% | 94.2% | 95.9% | 95.8% | 97.1% | 96.6% | 92.3%
5-PC 915% | 83.9% | 90.4% | 93.7% | 96.0% | 96.3% | 96.9% | 96.5% | 93.1%
6-PC 91.9% | 88.9% | 94.1% | 87.3% | 96.6% | 96.9% | 97.1% | 96.9% | 93.7%
7-PC 91.8% | 86.2% | 91.2% | 83.8% | 96.8% | 97.0% 96.9% | 92.6%
8-PC 89.5% | 91.9% | 92.2% | 91.0% | 96.0% | 95.8% | 95.% | 95.9% | 93.4%
9-PC 90.7% | 89.1% | 93.0% | 94.5% | 96.0% | 95.% | 94.5% | 94.8% | 93.5%
10-PC 91.9% | 87.6% | 92.4% | 92.7% | 94.9% | 94.4% | 96.8% | 96.8% | 93.4%
11-PC 91.6% | 89.7% | 91.0% | 90.5% | 94.1% | 96.5% | 96.3% | 95.9% | 93.2%
12-PC 90.6% | 90.0% | 91.2% | 92.7% | 94.0% | 95.6% | 95.4% | 94.7% | 93.1%

12-Features | 91.6% | 89.6% | 33.4% | 72.1% | 96.4% | 89.9% | 89.7% | 96.8% | 82.4%
Average | 91.3% | 88.1% | 86.8% | 90.1% | 95.8% | 95.6% | 95.9% | 96.3% | 92.5%
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Here, we have seen that, LRK is the best classifier combination when we follow 5-fold
cross validation technique for training and testing dataset partitioning. Maximum recognition
accuracy of 97.3% could be achieved with this technique. Recognition results of different
classifiers and their combinations for twelve features (12-feature) and twelve principal
components are given in Table 7.6.

7.2.2 Recognition accuracy for category 2 samples

In this section, we have considered each Gurmukhi character written ten times by ten
different writers. The principal components, two principal components (2-PC), three principal
components (3-PC), ..., twelve principal components (12-PC) have been considered to be
taken as input to the classifiers. Dataset partitioning strategy-wise and 5-fold cross validation

technique based experimental results are presented in the following sub-sections.

7.2.2.1 Recognition accuracy using strategy a

In this sub-section, classifier wise recognition results of partitioning strategy a have been
presented. When we consider this strategy, then k-NN is the best classifier for offline
handwritten Gurmukhi character recognition. The maximum accuracy that could be achieved
is 94.5% for this strategy. Recognition results of different classifiers and their combinations

are given in Table 7.7.

7.2.2.2 Recognition accuracy using strategy b

In partitioning strategy b, the maximum accuracy that could be achieved is 94.5%. Using
this strategy, we have again observed that k-NN is the best classifier for offline handwritten
Gurmukhi character recognition. Recognition results of this partitioning strategy, for twelve

features (12-feature) and twelve principal components, are depicted in Table 7.8.
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Table 7.7: Classifier wise recognition accuracy for category 2 samples with strategy a

Cmgginﬁ s Lér\‘f,f‘/lr Fs)(\)/IK)l- 5\?&' kNN | LPR | PRK | LRK | LPK | Average
2.PC 77.8% | 75.9% | 80.3% | 91.4% | 83.1% | 87.0% | 85.8% | 88.4% | 83.7%
3-pC 76.6% | 53.7% | 75.3% 82.1% | 86.2% | 84.2% | 87.9% | 80.1%
4-PC 74.8% | 25.6% | 73.0% | 83.7% | 79.4% | 85.9% | 83.6% | 87.4% | 74.2%
5-PC 75.6% | 33.8% | 75.7% | 75.8% | 80.8% | 88.0% | 83.9% | 88.8% | 75.3%
6-PC 79.6% | 41.9% | 78.6% | 69.8% | 84.1% | 90.8% | 86.3% | 91.1% | 77.8%
7-PC 8L4% | 45.3% | 79.7% | 71.4% | 85.0% | 88.6% | 84.1% | 90.3% | 78.2%
8-PC 77.4% | 42.4% | 84.3% | 84.1% | 84.2% | 85.3% | 86.2% | 90.2% | 79.3%
9-PC 75.3% | 50.0% | 50.0% | 81.4% | 83.6% | 84.3% | 814% | 9L5% | 74.7%
10PC | 73.0% | 59.7% | 59.7% | 83.9% | 86.3% | 87.0% | 83.9% | 89.7% | 77.9%
11.PC | 75.9% | 67.1% | 80.8% | 86.2% | 83.9% | 73.3% | 84.5% | 89.5% | 80.1%
12PC | 75.7% | 51.3% | 79.4% | 85.9% | 87.3% | 83.9% | 86.6% | 89.7% | 80.0%

12-Features | 76.5% | 53.7% | 15.1% | 60.5% | 84.2% | 86.6% | 85.7% | 854% | 68.5%
Average | 76.6% | 50.0% | 69.3% | 80.7% | 83.7% | 85.6% | 84.7% | 89.2% | 77.5%

Table 7.8: Classifier wise recognition accuracy for category 2 samples with strategy b

Cmggin%ar: s "S”Q/e&r I;(\)/IK/I g\?l\':/l' kNN | LPR | PRK | LRK | LPK | Average
2-PC 56.2% | 55.7% | 57.1% | 93.1% | 86.3% | 89.6% | 88.8% | 91.1% | 77.2%
3-PC 79.2% | 62.0% | 79.4% 84.1% | 88.8% | 86.4% | 90.2% | 83.1%
4-PC 78.4% | 34.3% | 77.4% | 86.2% | 84.3% | 91.9% | 86.6% | 92.8% | 79.0%
5-PC 79.2% | 40.8% | 79.7% | 77.9% | 85.3% | 89.5% | 87.3% | 88.1% | 78.5%
6-PC 82.5% | 51.3% | 81.4% | 73.3% | 87.4% | 90.6% | 88.9% | 91.5% | 80.9%
7-PC 83.9% | 56.8% | 83.9% | 73.0% | 87.4% | 91.1% | 89.7% | 93.1% | 82.4%
8-PC 82.7% | 42.4% | 73.3% | 77.9% | 82.1% | 88.6% | 87.1% | 89.5% | 77.9%
9-PC 82.2% | 50.0% | 62.0% | 73.3% | 83.2% | 87.3% | 85.3% | 89.7% | 76.6%
10-PC 82.4% | 42.4% | 77.9% | 81.4% | 82.2% | 87.3% | 84.2% | 8L1% | 77.4%
11-PC 81.8% | 45.3% | 73.3% | 81.1% | 84.2% | 87.1% | 84.2% | 82.2% | 77.4%
12-PC 82.2% | 53.7% | 56.8% | 82.2% | 84.2% | 85.3% | 83.2% | 87.1% | 76.8%

12-Features | 80.0% | 82.3% | 17.9% | 59.9% | 87.1% | 87.5% | 86.7% | 88.2% | 73.7%
Average | 79.2% | 51.4% | 68.3% | 79.5% | 84.8% | 88.7% | 865% | 88.7% | 78.4%
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7.2.2.3 Recognition accuracy using strategy c
We have achieved an accuracy of 95.6% when we used strategy ¢ and inferred that k-NN
is the best classifier combination for offline handwritten Gurmukhi character recognition for

this strategy. Recognition results for this partitioning strategy are given in Table 7.9.

Table 7.9: Classifier wise recognition accuracy for category 2 samples with strategy ¢

Cmgginﬁ s Lér\‘f,f‘/lr ';S}KA SR\?I\FA' kNN | LPR | PRK | LRK | LPK | Average
2.-PC 82.7% | 83.1% | 84.9% | 94.6% | 88.1% | 90.9% | 90.2% | 90.4% | 88.1%
3-PC 82.2% | 70.4% | 81.3% 85.8% | 86.4% | 88.3% | 86.7% | 84.6%
4-PC 82.4% | 42.4% | 79.8% | 86.2% | 85.6% | 87.3% | 87.5% | 88.3% | 79.9%
5-PC 82.5% | 50.0% | 8L.4% | 83.0% | 86.6% | 88.8% | 88.1% | 89.9% | 81.3%
6-PC 84.5% | 59.7% | 83.9% | 79.5% | 87.8% | 88.5% | 90.1% | 90.0% | 83.0%
7-PC 86.6% | 67.1% | 85.8% | 76.6% | 90.3% | 90.4% | 92.8% | 90.6% | 85.0%
8-PC 81.4% | 83.0% | 86.6% | 83.8% | 88.1% | 89.3% | 91.1% | 89.2% | 87.2%
9-PC 83.9% | 80.2% | 82.4% | 88.5% | 90.1% | 82.1% | 89.3% | 882% | 85.6%
10-PC | 84.1% | 81.1% | 82.2% | 82.3% | 87.2% | 89.3% | 88.3% | 89.1% | 85.4%
11-PC | 84.5% | 82.2% | 83.1% | 81.8% | 87.1% | 89.1% | 882% | 89.2% | 85.7%
12PC | 82.2% | 81.2% | 82.1% | 83.0% | 82.2% | 89.3% | 90.1% | 89.2% | 84.9%

12-Features | 82.2% | 84.9% | 22.6% | 66.9% | 88.2% | 85.2% | 825% | 89.2% | 75.2%
Average | 83.3% | 72.1% | 78.0% | 83.9% | 87.3% | 88.0% | 88.9% | 89.2% | 83.8%

7.2.2.4 Recognition accuracy using strategy d

In this sub-section, classifier wise recognition results of partitioning strategy d have been
presented. When we consider this strategy, then LRK is the best classifiers combination for
offline handwritten Gurmukhi character recognition. The maximum accuracy that could be
achieved is 99.3% for this strategy. Recognition results for this strategy are depicted in Table
7.10.
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Table 7.10: Classifier wise recognition accuracy for category 2 samples with strategy d
Cmgginﬁts Lér\‘f,f‘/lr l;(\)/l)l()l- 5\?&' kNN | LPR | PRK | LRK | LPK | Average
2-PC 90.7% | 91.9% | 91.6% | 93.6% | 98.1% | 98.4% | 98.4% | 98.4% | 95.1%
3-PC 90.0% | 83.0% | 88.7% | 94.4% | 95.1% | 97.7% | 97.7% | 97.7% | 93.1%
4-PC 90.6% | 55.6% | 88.0% | 87.4% | 96.1% | 94.9% | 97.1% | 94.9% | 88.1%
5-PC 91.0% | 65.2% | 88.9% | 82.6% | 95.4% | 97.0% | 97.1% | 97.0% | 89.3%
6-PC 92.0% | 75.9% | 90.4% | 83.7% | 96.6% | 98.4% | 98.4% | 98.4% | 91.7%
7-PC 93.0% | 80.6% | 9L.7% | 77.9% | 97.7% | 97.6% 97.6% | 91.9%
8-PC 88.0% | 87.4% | 96.1% | 94.9% | 97.1% | 90.0% | 97.0% | 92.2% | 92.8%
9-PC 83.0% | 88.7% | 94.4% | 95.1% | 91.0% | 65.2% | 97.0% | 94.6% | 88.6%
10-PC 90.4% | 83.7% | 96.6% | 92.1% | 98.4% | 90.0% | 83.0% | 95.3% | 91.2%
11-PC 90.3% | 84.3% | 88.9% | 82.6% | 95.4% | 90.1% | 97.1% | 98.3% | 90.9%
12-PC 89.1% | 84.3% | 89.1% | 92.1% | 83.0% | 91.1% | 92.2% | 97.1% | 89.8%
12-Features | 88.6% | 92.7% | 31.7% | 67.6% | 96.7% | 92.4% | 91.1% | 97.6% | 82.3%
Average | 89.7% | 81.1% | 86.3% | 87.0% | 95.1% | 91.9% | 95.5% | 96.6% | 90.4%

7.2.2.5 Recognition accuracy using strategy e

In partitioning strategy e, the maximum accuracy that could be achieved is 99.7%. Using

this partitioning strategy, we have noticed that PRK is the best classifiers combination for

offline handwritten Gurmukhi character recognition. Recognition results for the features and

twelve principal components under consideration, using this strategy, are illustrated in Table

7.11.

7.2.2.6 Recognition accuracy using 5-fold cross validation technique

In this sub-section, 5-fold cross validation technique has been considered for training and

testing data set partitioning. Using 5-fold cross validation approach, maximum recognition

accuracy of 93.0% with k-NN classifier has been achieved. Recognition results of different

classifiers and their combinations for twelve features (12-feature) and twelve principal

components are given in Table 7.12.
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Table 7.11: Classifier wise recognition accuracy for category 2 samples with strategy e

Cmgginﬁts Lér\‘f,f‘/lr Fs)(\)/IK)l- 5\?&' kNN | LPR | PRK LRK | LPK | Average
2-PC 89.5% | 89.2% | 88.6% | 92.9% | 99.4% | 99.4% | 99.0% | 99.0% | 94.6%
3-PC 89.5% | 87.2% | 87.5% | 95.7% | 98.0% | 98.0% | 97.7% | 98.1% | 94.0%
4-PC 89.5% | 67.8% | 87.4% | 93.7% | 98.6% | 98.9% | 97.0% | 96.2% | 91.1%
5-PC 89.5% | 80.6% | 88.0% | 85.1% | 98.9% | 97.7% | 97.7% | 98.6% | 92.0%
6-PC 89.5% | 84.9% | 88.3% | 82.2% | 99.1% | 98.3% | 98.0% | 99.7% | 92.5%
7-PC 89.7% | 84.3% | 88.6% | 92.2% | 99.1% | 99.1% | 98.1% | 99.0% | 93.8%
8-PC 87.5% | 93.7% | 98.6% | 95.7% | 97.0% | 96.3% | 98.4% | 92.3% | 94.9%
9-PC 67.8% | 87.5% | 93.7% | 98.6% | 98.9% | 97.7% | 97.7% | 98.6% | 92.5%
10PC | 88.3% | 78.0% | 99.1% | 98.3% | 98.0% 96.4% | 93.6% | 93.9%
11-PC 84.3% | 88.0% | 85.1% | 92.3% | 97.1% | 97.1% | 97.7% | 97.1% | 92.4%
12-PC 86.2% | 87.1% | 86.1% | 92.2% | 94.3% | 98.8% | 94.3% | 95.2% | 91.8%

12-Features | 88.9% | 80.6% | 75.5% | 48.0% | 99.1% | 99.4% | 99.4% | 99.4% | 86.3%
Average | 86.7% | 84.1% | 88.9% | 88.9% | 98.1% | 98.4% | 97.6% | 97.2% | 92.5%
Table 7.12: Classifier wise recognition accuracy for category 2 samples with 5-fold cross
validation technique

Cmggin%ar:ts "gs/e,@lr I;(\)/IK/I SR\?IC[ kNN | LPR | PRK LRK | LPK | Average
2-PC 77.8% | 77.6% | 78.9% | 91.3% | 89.2% | 91.2% | 90.6% | 91.6% | 86.0%
3-PC 81.8% | 69.8% | 80.8% 87.2% | 89.6% | 89.0% | 90.3% | 85.2%
4-PC 81.5% | 44.2% | 79.5% | 85.7% | 87.0% | 89.9% | 88.6% | 90.1% | 80.8%
5-PC 81.9% | 53.0% | 81.1% | 79.3% | 87.6% | 90.4% | 89.0% | 90.6% | 81.6%
6-PC 83.9% | 61.5% | 82.8% | 76.1% | 89.2% | 91.5% | 90.5% | 92.3% | 83.5%
7-PC 85.2% | 65.5% | 84.2% | 76.7% | 90.1% | 91.5% | 90.9% | 92.2% | 84.5%
8-PC 81.7% | 68.4% | 86.0% | 86.5% | 87.9% | 88.1% | 90.1% | 88.9% | 84.7%
9-PC 76.9% | 69.9% | 75.0% | 85.6% | 87.6% | 817% | 88.3% | 90.7% | 81.9%
10-PC 82.0% | 67.6% | 81.4% | 85.8% | 88.6% | 88.8% | 85.4% | 88.0% | 83.5%
11-PC 81.7% | 71.9% | 80.6% | 83.1% | 87.7% | 85.6% | 88.5% | 89.4% | 83.6%
12-PC 81.4% | 70.1% | 77.1% | 85.3% | 84.5% | 87.9% | 87.5% | 89.8% | 83.0%

12-Features | 81.6% | 77.3% | 31.9% | 59.4% | 89.2% | 88.4% | 87.3% | 90.1% | 75.7%
Average | 81.4% | 66.4% | 76.6% | 82.3% | 88.0% | 88.7% | 88.8% | 90.3% | 82.8%
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7.2.3 Recognition accuracy for category 3 samples

In this section, we have considered each Gurmukhi character written by one hundred
different writers. Here, the principal components, two principal components (2-PC), three
principal components (3-PC), ..., twelve principal components (12-PC) have been considered
once again to be taken as input to the classifiers. The results for this case are presented in the

following sub-sections.

7.2.3.1 Recognition accuracy using strategy a

In this sub-section, we have presented classifier wise recognition results of partitioning
strategy a. In this strategy, maximum recognition accuracy that could be achieved is 89.2%.
Using this strategy, we have observed that LPK is the best classifiers combination for offline
handwritten Gurmukhi character recognition. Recognition results of different classifiers and
their combinations are given in Table 7.13 for twelve features (12-feature) and twelve

principal components.

Table 7.13: Classifier wise recognition accuracy for category 3 samples with strategy a

Cmgginﬁ s "érs/e&r Z‘\)/'KA SR\?ICI_ kNN | LPR | PRK LRK | LPK | Average
2-PC 74.9% | 75.0% | 78.4% | 80.5% | 81.8% | 86.5% | 86.1% 89.2% 81.5%
3-PC 72.8% | 30.2% | 69.3% | 75.7% | 80.1% | 85.9% | 83.4% | 86.5% | 73.0%
4-PC 71.6% | 14.4% | 66.6% | 64.1% | 77.9% | 88.1% | 81.9% | 85.2% | 68.7%
5-PC 72.9% | 17.7% | 67.1% | 58.5% | 78.4% | 79.6% | 82.9% | 87.4% | 68.0%
6-PC 77.3% | 23.9% | 72.9% | 48.8% | 825% | 83.9% | 85.8% | 87.7% | 70.3%
7-PC 77.8% | 34.7% | 72.9% | 57.5% | 82.3% | 84.9% | 84.9% | 87.9% | 72.9%
8-PC 73.9% | 16.3% | 68.0% | 65.3% | 79.4% | 80.6% | 84.3% | 86.3% | 69.3%
9-PC 74.1% | 21.8% | 68.1% | 59.3% | 80.8% | 79.3% | 84.2% | 89.1% | 69.6%
10-PC 77.7% | 30.7% | 72.3% | 47.1% | 82.2% | 83.3% | 84.8% | 89.2% | 70.9%
11-PC 75.1% | 32.1% | 68.1% | 79.1% | 80.3% | 82.2% | 83.1% | 88.1% | 73.5%
12-PC 76.2% | 45.1% | 69.2% | 78.2% | 81.2% | 81.2% | 82.3% | 88.1% | 75.2%

12-Features | 75.8% | 69.7% | 17.8% | 43.9% | 81.1% | 85.6% | 82.7% | 87.2% | 68.0%
Average | 75.0% | 34.3% | 65.9% | 63.2% | 80.7% | 83.4% | 83.9% | 87.7% | 717%
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7.2.3.2 Recognition accuracy using strategy b

In partitioning strategy b, the maximum accuracy that could be achieved is 89.7%. Using

this strategy,

we have seen that again LPK is the best classifiers combination for offline

handwritten Gurmukhi character recognition. Recognition results for this strategy are
illustrated in Table 7.14.

Table 7.14: Classifier wise recognition accuracy for category 3 samples with strategy b
Cmgginﬁ s Lér\‘f,f‘/lr ';S}KA SR\?I\FA' kNN | LPR | PRK LRK | LPK | Average
2-PC 75.8% | 76.2% | 78.4% | 79.7% | 82.9% | 86.8% | 87.4% 89.7% 82.1%
3-PC 73.7% | 35.7% | 70.5% | 77.6% | 81.9% | 87.2% | 84.9% | 88.7% | 75.0%
4-PC 73.9% | 16.3% | 67.2% | 67.0% | 79.4% | 80.6% | 84.3% | 86.5% | 69.4%
5-PC 74.1% | 21.8% | 68.5% | 59.3% | 80.8% | 79.8% | 84.2% | 83.3% | 69.0%
6-PC 77.7% | 30.7% | 73.2% | 47.1% | 822% | 83.8% | 84.8% | 85.4% | 70.6%
7-PC 78.1% | 40.5% | 74.2% | 57.6% | 83.4% | 83.9% | 86.1% | 87.4% | 73.9%
8-PC 78.0% | 41.3% | 70.1% | 76.7% | 82.3% | 823% | 82.3% | 84.3% | 747%
9-PC 72.3% | 52.3% | 71.1% | 76.2% | 83.1% | 82.1% | 83.1% | 851% | 757%
10-PC 73.2% | 43.3% | 72.3% | 76.3% | 80.3% | 83.1% | 851% | 87.1% | 75.1%
11-PC 74.2% | 44.3% | 73.3% | 783% | 81.3% | 843% | 84.3% | 89.1% | 76.1%
12-PC 74.3% | 45.1% | 74.3% | 72.2% | 822% | 84.1% | 80.5% | 88.2% | 75.1%
12-Features | 75.4% | 51.3% | 20.3% | 40.7% | 82.1% | 87.7% | 79.5% | 81.0% | 64.8%
Average 75.1% | 41.6% | 67.8% | 67.4% | 81.8% | 83.8% | 83.9% | 86.3% | 73.5%

7.2.3.3 Recognition accuracy using strategy c

In this sub-section, classifier wise recognition results of partitioning strategy ¢ have been

presented. Here, LPK again emerged as the best classifiers combination when we followed

this strategy.

Maximum recognition accuracy of 89.2% could be achieved in this strategy.

Recognition results of different classifiers and their combinations for twelve features (12-

feature) and twelve principal components are given in Table 7.15.
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Table 7.15: Classifier wise recognition accuracy for category 3 samples with strategy c
Cmgginﬁts Lér\‘f,f‘/lr Fs)(\)/IK)l- 5\?&' kNN | LPR | PRK LRK | LPK | Average
2-PC 77.7% | 77.4% | 80.2% | 81.1% | 83.9% | 86.6% | 87.8% | 88.7% | 82.9%
3-PC 745% | 43.7% | 72.8% | 80.3% | 81.3% | 84.1% | 85.6% | 86.7% | 76.1%
4-PC 74.6% | 21.1% | 70.0% | 68.6% | 79.5% | 79.2% | 83.6% | 84.3% | 70.1%
5-PC 75.5% | 27.4% | 70.9% | 60.7% | 80.9% | 79.3% | 83.9% | 81.8% | 70.0%
6-PC 79.9% | 38.2% | 75.3% | 50.8% | 83.3% | 83.4% | 86.0% | 86.4% | 72.9%
7-PC 80.0% | 45.1% | 75.7% | 59.7% | 84.9% | 85.1% | 86.7% | 88.3% | 75.7%
8-PC 78.1% | 34.6% | 73.1% | 60.1% | 82.3% | 823% | 851% | 87.3% | 72.9%
9-PC 79.3% | 54.4% | 742% | 62.1% | 83.1% | 84.1% | 84.2% | 87.2% | 76.1%
10-PC 80.0% | 34.4% | 743% | 62.3% | 82.2% | 82.2% | 84.4% | 87.1% | 73.4%
11-PC 78.2% | 29.3% | 75.1% | 63.4% | 83.1% | 84.1% | 84.2% | 87.5% | 73.1%
12-PC 72.5% | 40.2% | 75.2% | 64.1% | 80.2% | 84.1% | 84.5% 89.2% 73.8%
12-Features | 75.7% | 59.7% | 25.5% | 42.7% | 80.1% | 69.0% | 69.0% | 87.3% | 63.7%
Average 77.2% | 42.1% | 70.2% | 63.0% | 82.1% | 81.9% | 83.7% | 86.8% | 73.4%

7.2.3.4 Recognition accuracy using strategy d

Table 7.16: Classifier wise recognition accuracy for category 3 samples with strategy d

Cmggin%ar:ts "gs/e,@lr I;(\)/IK/I SR\?IC[ kNN | LPR | PRK LRK | LPK | Average
2-PC 78.0% | 78.6% | 80.7% | 80.3% | 86.6% | 89.3% | 90.1% m 84.5%
3-PC 75.9% | 51.9% | 70.9% | 77.7% | 81.9% | 86.6% | 86.3% | 89.4% | 77.6%
4-PC 75.0% | 26.2% | 69.3% | 62.6% | 81.7% | 79.6% | 86.4% | 84.9% | 70.7%
5-PC 75.0% | 29.8% | 71.0% | 54.9% | 81.3% | 79.4% | 86.3% | 81.6% | 69.9%
6-PC 79.0% | 46.2% | 75.7% | 42.4% | 86.1% | 87.6% | 88.1% | 89.6% | 74.4%
7-PC 80.7% | 51.2% | 76.3% | 51.2% | 87.9% | 88.3% | 90.0% | 90.3% | 77.0%
8-PC 78.2% | 51.2% | 75.3% | 52.3% | 82.3% | 87.3% | 85.2% | 88.1% | 75.0%
9-PC 79.1% | 49.3% | 75.3% | 58.3% | 85.4% | 87.1% | 87.2% | 89.1% | 76.4%
10-PC 78.0% | 49.2% | 75.3% | 57.3% | 87.3% | 80.1% | 87.8% | 90.3% | 75.7%
11-PC 72.3% | 40.3% | 75.2% | 59.3% | 87.2% | 79.9% | 86.3% | 91.1% | 73.9%
12-PC 73.5% | 40.4% | 74.3% | 58.3% | 87.3% | 79.3% | 87.1% | 89.5% | 73.7%

12-Features | 75.0% | 81.5% | 32.5% | 35.3% | 82.1% | 73.3% | 70.0% | 90.3% | 67.5%
Average | 76.7% | 49.7% | 70.9% | 57.5% | 84.8% | 83.1% | 85.9% | 88.9% | 74.7%
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In partitioning strategy d, the maximum accuracy that could be achieved is 92.3%. Using
this strategy, we have seen that LPK is the best classifiers combination for offline handwritten

Gurmukhi character recognition. Recognition results for this strategy are given in Table 7.16.

7.2.3.5 Recognition accuracy using strategy e

In this sub-section, classifier wise recognition results of partitioning strategy e have been
presented. Here, LRK is the best classifiers combination for offline handwritten Gurmukhi
character recognition. We have achieved maximum recognition accuracy of 87.9% in this
strategy. Recognition results for this strategy are shown in Table 7.17.

Table 7.17: Classifier wise recognition accuracy for category 3 samples with strategy e

Cmggini?: s Lér\',e&r I;(\)/IK/I g\?l'\:/l' kNN | LPR | PRK LRK | LPK | Average
2.PC 746% | 76.1% | 79.5% | 77.1% | 84.3% | 85.9% 87.1% | 8L6%
3-PC 70.7% | 51.9% | 65.2% | 72.9% | 76.0% | 76.9% | 82.0% | 80.6% | 72.0%
4-PC 70.9% | 285% | 62.4% | 57.1% | 75.1% | 65.4% | 83.1% | 66.6% | 63.7%
5-PC 70.1% | 33.3% | 64.9% | 51.4% | 77.7% | 70.6% | 83.7% | 73.1% | 65.6%
6-PC 73.2% | 47.9% | 69.2% | 35.7% | 83.1% | 76.9% | 85.4% | 80.6% | 69.0%
7-PC 76.4% | 54.7% | 72.4% | 35.4% | 85.4% | 783% | 854% | 77.9% | 70.7%
8-PC 72.2% | 65.6% | 78.1% | 56.2% | 78.1% | 77.3% | 765% | 78.1% | 72.8%
9-PC 72.3% | 76.1% | 65.3% | 54.3% | 77.3% | 782% | 765% | 79.1% | 72.4%
10-PC | 71.5% | 70.3% | 69.2% | 50.1% | 78.2% | 78.2% | 76.5% | 78.1% | 72.6%
11-PC | 72.3% | 69.2% | 69.4% | 57.2% | 78.0% | 74.6% | 77.5% | 76.3% | 71.8%
12-PC | 734% | 58.1% | 68.5% | 54.4% | 78.9% | 76.3% | 76.3% | 75.3% | 70.1%

12-Features | 69.2% | 67.0% | 65.2% | 27.7% | 82.9% | 87.1% | 82.3% | 83.4% | 70.6%
Average | 72.2% | 58.2% | 69.1% | 53.2% | 79.6% | 77.1% | 811% | 78.0% | 71.1%

7.2.3.6 Recognition accuracy using 5-fold cross validation technique

In this sub-section, classifier wise recognition results of 5-fold cross validation technique
have been presented. For the features and principal components under consideration and 5-

fold cross validation technique, maximum recognition accuracy of 87.6% using LPK
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classifiers combination has been achieved. Recognition results of different classifiers and their
combinations for twelve features (12-feature) and twelve principal components are given in
Table 7.18.

Table 7.18: Classifier wise recognition accuracy for category 3 samples with 5-fold cross
validation technique

ngggg’eﬂ s Lé'cf,f‘/lr ZQ}KA SR\?I\F/I- kNN | LPR | PRK LRK | LPK | Average
2-PC 74.7% | 75.1% | 77.9% | 78.1% | 82.2% | 85.3% | 86.1% 87.6% 80.9%
3-PC 72.0% | 41.8% | 68.3% | 75.3% | 78.6% | 82.5% | 82.8% | 84.7% | 73.2%
4-PC 71.7% | 20.9% | 65.8% | 62.6% | 77.1% | 77.0% | 82.2% | 79.9% | 67.1%
5-PC 72.0% | 255% | 67.1% | 55.8% | 78.2% | 76.2% | 825% | 79.8% | 67.1%
6-PC 75.9% | 36.6% | 71.8% | 44.1% | 81.8% | 81.5% | 84.3% | 84.2% | 70.0%
7-PC 77.0% | 44.3% | 72.8% | 51.2% | 83.1% | 82.4% | 84.9% | 84.6% | T72.6%
8-PC 74.6% | 41.0% | 715% | 60.9% | 79.3% | 80.3% | 81.0% | 83.1% | 715%
9-PC 73.9% | 49.8% | 69.4% | 60.8% | 80.3% | 80.5% | 81.4% | 84.2% | 72.6%
10-PC 74.6% | 44.7% | 71.2% | 59.2% | 80.4% | 79.8% | 82.0% | 84.6% | 72.1%
11-PC 72.9% | 42.2% | 70.8% | 66.1% | 80.3% | 79.4% | 81.4% | 84.7% | 72.2%
12-PC 72.5% | 44.9% | 70.9% | 64.1% | 80.3% | 79.4% | 805% | 84.3% | 72.1%
12-Features | 72.7% | 64.5% | 31.6% | 37.3% | 80.0% | 78.9% | 752% | 84.1% | 65.6%
Average | 73.7% | 44.3% | 67.4% | 59.6% | 80.2% | 80.2% | 82.0% | 83.8% | 71.4%

7.3 Hierarchical feature extraction technique for offline handwritten
Gurmukhi character recognition

We have also proposed a hierarchical feature extraction technique for offline handwritten
Gurmukhi character recognition. The main aim of the feature extraction phase is to detect
preeminent features of digitized character image, which maximize the recognition accuracy in
the least amount of time. But, training of the classifier with large number of features acquired
is not at all times the best decision, as the unrelated or surplus features can cause harmful
impact on a classifier’s performance and at the same time, the classifier can become

computationally complex.

For optical character recognition, we have to input all the handwritten character images in a

uniform size, i.e., the character images should be in standard shape. In order to keep our
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algorithm easy, here in this work all the character images are reformed in the size of 88x88
pixels, using Nearest Neighborhood Interpolation (NNI) algorithm. After that, we have
proposed a feature set of 105 feature elements using four types of topological features, viz.,
horizontally peak extent features, vertically peak extent features, diagonal features and centroid
features. For extracting these features, initially, we have divided the digitized image into
number of zones as shown in Figure 7.1. Let L be the current level of image. At this level, the
number of the sub-images is 4. For example, when L = 1 the number of sub-images is 4 and
when L = 2 it is 16. So, for every L a 4())- dimensional feature vector is extracted. Here, we
have considered L = (0, 1, and 2) in this work.

(@) (b)
Figure 7.1 Digitized image of Gurmukhi character () (a) at level L =0 (b) at level L =1
(c)atlevel L=2

The steps that have been used to extract horizontally peak extent features are given below:

Step 1: Input the initial value of L is 0.

Step II: Divide a bitmap image into 4% number of zones, each of equal sized (Figure
7.1).

Step III: Find the peak extent as sum of successive foreground pixels in each row of a

sub image at each level L.

Step IV: Replace the values of successive foreground pixels by peak extent value, in each
row of a zone.

Step V: Find the largest value of peak extent in each row.

Step VI: Obtain the sum of these largest peak extent sub-feature values for each sub-
image and consider this as a feature for the corresponding zone.

Step VII:  For the zones that do not have a foreground pixel, take the feature value as zero.

Step VIII:  IF L<2 then
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(a) Set L=L+1
(b) Go to step Il
Else
Return
Step IX: Normalize the values in the feature vector in scale of 0 to 1 by using:
Normalized feature NV,

(Actual feature V; — min of actual feature vector)

~ (max of actual feature vector — min of actual feature vector)

Step X: Return

These steps will give a feature set with 4() elements at each level L.

Similarly, for wvertical peak extent features and diagonal features, we have
extracted 4 feature elements. For centroid features, we have extracted 2 x 4() feature

elements.

As such, we have extracted a feature set of 105 feature elements that include 21 feature
elements with horizontally peak extent features, 21 feature elements with vertically peak extent
features, 21 feature elements with diagonal features and 42 elements with centroid features.
The size of this feature set as 105 elements, being larger in number, can lead to computational
complexity of the classifier learning models. Therefore, we reduce the length of feature set
using various feature selection techniques. Feature selection is the technique which is used for
selecting a subset of relevant features to improve the recognition accuracy and performance of
classifier learning model by speeding up the learning process and reducing computational
complexities. Three feature selection methods that have been considered in this work are PCA,
Consistency Based (CON) and Correlation Feature Set (CFS) as these methods have been
widely used in pattern recognition and character recognition for reducing the length of feature

set.

7.3.1 Experimental results based on hierarchical feature extraction
technique

In this section, experimental results based on hierarchical feature extraction technique for

offline handwritten Gurmukhi character recognition are illustrated. In the process of evaluating
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the performance of this technique with SVM classifier, we have considered 5600 samples of
isolated offline handwritten Gurmukhi characters written by one hundred different writers
(Category 3). The complete feature set, consisting of 105 feature elements, created on the basis
of topological features of the character is given to SVMs for their training. Due to the high
dimensionality of feature vector, training a classifier here becomes computationally complex.
So, its dimensionality is reduced to 51, 55 and 12 using PCA (Sundaram and Ramakrishnan,
2008), CON (Dash and Liu, 2003) and CFS (Hall, 1998) feature selection techniques,
respectively. We have used 5-fold cross validation technique for obtaining recognition
accuracy. Using this technique, we have achieved a recognition accuracy of 91.8% with
hierarchical feature extraction technique for offline handwritten Gurmukhi character and SVM
with linear kernel classifier. For this case, confusion matrix for the Gurmukhi characters is
given in Table 7.19. The recognition results of different features selection techniques and then
complete feature set considered under this work are depicted in Table 7.20. These results are

graphically shown in Figure 7.2.

Table 7.19: Confusion matrix based upon PCA feature set and SVM with linear kernel

classifier
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Table 7.20: Recognition results of different feature selection techniques and complete
feature set

Classifier Full ggi‘ture PCA | CFs | con
Linear-SVM 90.1% 91.8% | 88.9% | 66.7%
Polynomial-SVM 62.8% 90.1% | 62.9% | 22.5%
RBF-SVM 70.2% 90.3% | 74.8% | 56.1%
Sigmoid-SVM 63.5% 82.6% | 68.3% | 48.5%
5100'00%
2 90.00% - — —
3 80.00% ——— \\ ——Linear-SVM
(%]
< 70.00% N —#-Polynomial-SVM
£ 50.00% N —~Sigmoid-SVM
2 40.00% \
S 30.00% N
®  20.00%
Full Feature PCA CFs CON
Set

Feature Selection Techniques

Figure 7.2: Recognition accuracy achieved with various feature selection techniques and
using various kernels of SVM

7.4 Chapter summary

In this chapter, we have presented PCA based offline handwritten Gurmukhi character
recognition system. A hierarchical feature extraction technique for offline handwritten
Gurmukhi character recognition has also been discussed. The features of a character that have

been considered in PCA based recognition system include zoning features, diagonal features,
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directional features, transition features, intersection and open end points features, parabola
curve fitting based features, power curve fitting based features, shadow features, centroid
features, peak extent based features and modified division points based features. The classifiers
that have been employed in this work are k-NN, Linear-SVM, Polynomial-SVM and RBF-
SVM and the combinations of these classifiers. The proposed system achieves maximum
recognition accuracy of 99.9% for category 1 samples, of 99.7% for category 2 samples and of
92.3% for category 3 samples as shown in Table 7.21. Using 5-fold cross validation approach,
maximum recognition accuracy of 97.3% for category 1 samples, of 93.0% for category 2

samples and of 87.6% for category 3 samples have been achieved.

Table 7.21: Category wise recognition accuracy

Samples Feature | Classifier Accuracy (%)
category 1,strategy a 4-PC LRK 98.9%
category 1, strategy b 9-PC LPR 99.6%
category 1, strategy c 8-PC LPR 99.5%
category 1, strategy d 2-PC LRK 99.6%
category 1, strategy e 9-PC LRK 99.9%
category 1, 5-fold cross validation 7-PC LRK 97.3%
category 2, strategy a 3-PC k-NN 94.5%
category 2, strategy b 3-PC k-NN 94.5%
category 2, strategy c 3-PC k-NN 95.6%
category 2, strategy d 7-PC LRK 99.3%
category 2, strategy e 10-PC PRK 99.7%
category 2, 5-fold cross validation 3-PC k-NN 93.0%
category 3, strategy a 2-PC LPK 89.2%
category 3, strategy b 2-PC LPK 89.7%
category 3, strategy c 12-PC LPK 89.2%
category 3, strategy d 2-PC LPK 92.3%
category 3, strategy e 2-PC LRK 87.9%
category 3, 5-fold cross validation 2-PC LPK 87.6%

In hierarchical feature extraction technique, a powerful feature set of 105 feature elements

is proposed in this work for recognition of offline handwritten Gurmukhi characters using four
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types of topological features, namely, horizontally peak extent features, vertically peak extent
features, diagonal features, and centroid features. It is a well known fact that training of
classifiers with large number of features acquired is not at all times the best decision. So, PCA,
CFS and CON feature selection techniques are applied to reduce the dimensionality of the
feature vector. Recognition accuracy of 91.8% was achieved with the proposed technique
while using PCA feature set and SVM with linear kernel classifier. Also, it has been seen that
PCA performs better than CFS and CON feature selection techniques for character recognition.



Chapter 8
Conclusions and Future Scope

Offline handwritten character recognition has now been in research for more than four
decades. The work done by researchers in this area is admirable. Most of the work in this
research area has been done for non-Indian scripts but recent literature shows that researchers
have also achieved encouraging results for Indian scripts such as Bangla, Devanagari,
Gurmukhi, Kannada, Oriya, Tamil and Telugu. The main objective of this thesis was to build
an offline handwritten Gurmukhi script recognition system. This objective has been achieved
well as the system so developed recognizes offline handwritten Gurmukhi script. This thesis
proposes algorithms in various phases of an offline handwritten Gurmukhi script recognition
system. Related literature on this work has been included in Chapter 2. Chapter 3 includes
data collection, digitization, pre-processing and segmentation tasks for this work. A novel
technique has been proposed in this work for line segmentation of offline handwritten
Gurmukhi script documents in Chapter 3. In Chapter 4, we have presented a handwriting
grading system based on offline Gurmukhi characters. In Chapter 5, we have presented curve
fitting based novel feature extraction techniques, namely, parabola curve fitting based
features and power curve fitting based features for offline handwritten Gurmukhi character
recognition. The classifiers that have been used in this work are k-NN and SVM, with three
flavours, i.e., Linear-SVM, Polynomial-SVM and RBF-SVM. Chapter 6 includes an offline
handwritten Gurmukhi character recognition system using zoning based novel feature
extraction methods and k-fold cross validation. In this work, we have also used various
existing feature extraction techniques, namely, zoning features, diagonal features, directional
features, intersection and open end points features, transition features, shadow features,

centroid features, peak extent based features and modified division point based features for

113



Offline Handwritten Gurmukhi Script Recognition 114

offline handwritten Gurmukhi character recognition. The peak extent based features and
modified division point based features are the new features proposed in this chapter. For
classification, different classifiers namely, k-NN, Linear-SVM, Polynomial-SVM (with
degree 3) and MLPs have been considered in this chapter. Chapter 7 includes an analysis for
PCA based offline handwritten Gurmukhi character recognition system. A hierarchical
feature extraction technique for offline handwritten Gurmukhi character recognition has also
been presented in this chapter. We have used k-NN, Linear-SVM, Polynomial-SVM and
RBF-SVM based approaches and also combinations of these approaches for classification in
this chapter. Section 8.1 focuses on the brief contribution of the work and section 8.2 depicts
future scope of this work.

8.1 Brief contribution of the work

This work has made the following contributions in the field of offline handwritten

Gurmukhi script recognition.

8.1.1 Parabola and power curve based novel feature extraction techniques

In this work, we have proposed novel feature extraction techniques, namely, parabola
curve fitting based features and power curve fitting based features for offline handwritten
Gurmukhi character recognition. We have also compared the results of these proposed
feature extraction techniques with other recently used feature extraction techniques, namely,
zoning features, diagonal features, directional features, intersection and open end points
features and transition features. The classifiers that have been employed in this work are k-
NN and SVM with three flavors, i.e., Linear-SVM, Polynomial-SVM and RBF-SVM. After
the comparison of different techniques for character recognition, we have concluded that the
results of power curve fitting based features are promising and the system achieves a
recognition accuracy of 97.9%, 94.6%, 94.0% and 92.3% using k-NN, Linear-SVM,
Polynomial-SVM and RBF-SVM classifiers, respectively. These recognition results are
presented in Table 5.8. It has also been seen that the results achieved using parabola curve

fitting based features are also better than the other recently proposed feature extraction
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techniques. A maximum recognition accuracy of 95.4% could be achieved when the parabola
fitting based features were used with k-NN classifier (k = 5).

8.1.2 Handwriting grading system

We have proposed a handwriting grading system based on offline Gurmukhi characters.
In this work, we have attempted to grade the writers based on offline handwritten Gurmukhi
characters written by them. We have used zoning; diagonal; directional; intersection and
open end points feature extraction techniques in order to find the feature sets and have used
HMM and Bayesian decision making classifiers for obtaining a classification score. The
proposed handwriting grading system has been tested with the help of five popular printed
Gurmukhi fonts, namely, amrit, Gurmukhi Lys, Granthi, LMP_TARAN and Maharaja. In
training data set, we have used printed Gurmukhi font Anandpur sahib. As expected, fonts
have a better classification score of gradation in comparison with mortal writers, thereby
establishing the effectiveness of the proposed system. The performance of five best mortal
writers using this proposed system, are depicted in Tables 4.3. The proposed grading system

can be used as a decision support system for grading the handwritings in a competition.

8.1.3 Offline handwritten Gurmukhi character recognition system using zoning based
novel feature extraction methods and k-fold cross validation technique

We have also presented an offline handwritten Gurmukhi character recognition system
using k-fold cross validation technique. In this work, we have used various feature extraction
techniques, namely, zoning features, diagonal features, directional features, intersection and
open end points features, transition features, shadow features and centroid features. We have
also proposed two efficient feature extraction techniques, namely, peak extent based features
and modified division point based features in this work. The classifiers that have been
employed in this work are k-NN, Linear-SVM, Polynomial-SVM and MLPs. We have
concluded that peak extent based features have preeminent features when compared to other
feature extraction techniques considered in this study. Here, we have used 5600 samples of

isolated offline handwritten Gurmukhi characters and achieved 5-fold cross validation
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accuracy with peak extent based features of 95.6%, 92.4%, 95.5% and 94.7% with Linear-
SVM, Polynomial-SVM, k-NN and MLPs classifier, respectively as depicted in Table 6.5.

8.1.4 PCA based offline handwritten Gurmukhi character recognition system

Principal Component Analysis (PCA) has widely been used for extracting representative
features for pattern recognition and has also been used to reduce the dimension of data. We
have analyzed the performance of features using PCA for offline handwritten Gurmukhi
character recognition system. The features of a character that have been considered in this
work include zoning features, diagonal features, directional features, transition features,
intersection and open end points features, parabola curve fitting based features, power curve
fitting based features, shadow features, centroid features, peak extent based features and
modified division points based features. The classifiers that have been employed here are k-
NN, Linear-SVM, Polynomial-SVM and RBF-SVM and also different combinations of these
classifiers. In this work, we have collected 16,800 samples of offline handwritten Gurmukhi
characters. These samples have been divided into three categories as discussed in section 7.2.
We have divided the data set of each category using five partitioning strategies (a, b, c, d,
and e) as given in Table 5.3. The proposed system achieves an average recognition accuracy
of 99.9% for category 1 samples, of 99.7% for category 2 samples and of 92.3% for category
3 samples. Using 5-fold cross validation technique, maximum recognition accuracy of 97.3%
for category 1 samples, of 93.0% for category 2 samples and of 87.6% for category 3
samples could be achieved. Category wise results of a recognition system based on PCA are
depicted in Table 7.21. We have also proposed a hierarchical feature extraction technique for
offline handwritten Gurmukhi character recognition. In hierarchical feature extraction
technique, a powerful feature set of 105 feature elements has been built using four types of
topological features, namely, horizontally peak extent features, vertically peak extent
features, diagonal features, and centroid features. Using this technique, recognition accuracy
of 91.8% was achieved with Linear-SVM classifier. We have also noticed that PCA performs

better than CFS and CON feature selection techniques for character recognition.
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8.2 Discussion

We have concluded that a hierarchical feature extraction technique performs better than
other techniques for offline handwritten Gurmukhi character recognition. This hierarchical
feature extraction technique, a powerful feature set of 105 feature elements has been built
using four types of topological features, namely, horizontally peak extent features, vertically
peak extent features, diagonal features, and centroid features. Various feature length
reduction techniques, CFS, CON, and PCA are considered in this work and it has also been
concluded that PCA performs better than other feature length reduction techniques. We

achieved maximum recognition accuracy of 91.8% with Linear-SVM classifier.

8.3 Future scope

The work presented in this thesis can be extended in a number of ways. This section

presents some of the directions in which one can extend this work.

These experimentations in this work have been carried out with a design that one writer
writes a document n; times; m; writers write a document n; times; and m, writers write a
document one time. One can think of having a different design of experiments for proposing
the offline handwritten character recognition system for Gurmukhi script. The number of
samples for training and testing can also be experimented for an optimal accuracy of the

system.

We could achieve the average line segmentation accuracy of 98.4% in this work. This
accuracy can further be increased by proposing more efficient algorithms for line
segmentation. The handwriting grading system proposed in this work is based on isolated
Gurmukhi characters. This work can further be extended to grade the writers based on words,

sentences, and paragraphs written by them.
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In this work, we have proposed four new features to build the offline handwritten
character recognition system for Gurmukhi script. Proposing of efficient features shall

probably, remain an area for future work for quite some more time in this field.

This is well known that Gurmukhi shares a number of structural similarities with some
other Indian scripts. As such, the work carried out in this thesis can further be extended for
these scripts after building a database for these scripts.
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