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Abstract

Computers are greatly influencing the lives of harb&ings and their usage is increasing at a
tremendous rate. The ease with which we can exeharfigrmation between user and computer
is of immense importance today because input devsteh as keyboard and mouse have
limitations in comparison withnput through natural handwriting. We can use timdine
handwriting recognition process for a quick andurdt way of communication between
computer and human beings. Over the years, handgviecognition is in research and has
attracted many researchers across the world. Tie goal of this thesis is to develop an online

handwritten Amharic word recognition system.

In this work, we present writer-independent HMM-&@dsAmharic word recognition for online
handwritten wordsln our approach, the central idea is to build th¢NHmodel for each word.
The underlying units of the recognition systemaset of primitive strokes whose combinations
form handwritten Amharic words. For each word, dagsoccurring sequences of primitive
strokes and their spatial relationships, collet¢yivermed as primitive structural features, are
stored as feature listin the training phase the extracted featureaohevord are used as feature
vectors which will be given as input parameteresdoh HMM model. In the case of recognition,
a model for each separated word is built up udiegsame approach. This model is used by the
system to perform the recognition using the Vitedleicoding algorithm. We also present a
dataset collected for training and testing onlieeognition systems for Amharic words. The
dataset is prepared in accordance with the intemalt standard UNIPEN format. The
recognition system is tested with the collectedsit and we achieved word recognition rates of
90.9% for numeral words and 73.94 % for other woilse overall recognition rate of the

system is 79.54% for all words in the dataset.

Keywords: Handwriting recognition, Amharic word recognitjd@nline Recognition.



Chapter one

INTRODUCTION

1.1Background

Handwriting is natural way of communication thabpke use on daily basis. Starting from many
years back, people use this medium for communicatia documentation. There are dozens of
languages in the world today that have their owrhabets for writing. Examples of alphabets
include Latin, Greek, Arabic, Hebrew, Chinese, &pii, etc. Some of the languages, e.g. Arabic
and Hebrew, are written from right to left wheredbers (including Ethiopian languages) are

written from left to right.

Ethiopic alphabet has been used over the past tenma as a writing system for languages
spoken in Ethiopia, which has a population of ®@million at present. Currently, the alphabet
is largely used by Amharic language which is theciadl language of Ethiopia. Amharic belongs
to Afro-Asiatic language family, and today it hascbme the second most widely spoken
Semitic language in the world, next to Arabic [Although Ethiopic alphabet has recently been
standardized to have 435 characters, roughly hilthem are used practically in daily
communications by Amharic and other major languggesrhe alphabet is conveniently written
in a tabular format of seven columns (orders) whiie first column represents the base

character and other columns represent derived wocalds of the base character.

Recently, the inventions of computer technologiagehchanged the way things are done in real
life. The advent of small handheld and portable potimg devices such as TabletPCs, PDAs,
DigiMemos and mobile phones pose difficulty of datdry as their keyboard size is small. Thus,
non-keyboard based methods for data entries ameivieg more attention in the research
communities and commercial sector. Therefore, @mgbinteraction with such computing
devices in a natural way such as handwriting i®kaibsly necessary. Since handwriting is one of

the natural alternatives for data entry, pen-basteafaces combined with automatic handwriting

1



recognition offers a very easy and natural inputthoe This hypothesis motivates the

development of handwriting recognition technolo8y4].

Handwriting recognition is the ability of a computeo receive and interpret intelligible
handwritten input from sources such as paper dootsnéouch-screens and other devices.
Usually the discipline of handwriting recognitiondivided into off-line and online recognition.
In off-line recognition the handwriting of a usergiven in terms of a static image, while in the
online mode the handwritten text is representech dsne dependent signal along with the
location of the tip of the pen as a user is writifigaditionally off-line handwriting recognition
has applications in postal address reading asasddbink check and forms processing [5]. Recent

applications of on-line handwriting recognition lunde pen computing and TabletPCs [6, 7].

On-line handwriting recognition involves the autdimaonversion of text as it is written on a

special digitizer or PDA, where a sensor picks hg gen-tip movements as well as pen-up/pen-
down switching. Thus kind of data is known as @igihk and can be regarded as a dynamic
representation of handwriting. The obtained sigmabnverted into letter codes which are usable
within computer and text-processing applicationganéivriting recognition can be done at

character or word level. Word level recognition exptfor the cases when characters of
handwritten text are connected and difficult torsegt them. On the other hand if characters are

isolated, character level recognition also yielasséactory results.

Although research and development in the area bhermandwriting recognition has started
more than 50 years ago, it is still a great chgerFor languages that use Latin script, there
have been progresses achieved more recently. Howewy little has been studied on
handwriting recognition of Ethiopic text in genefa) 8, 9, 10, 11]. These few studies focus only
on online recognition of handwritten Ethiopic chaess and off-line recognition of handwritten
Ambharic words. To the best knowledge of the redeatahere is no research work conducted on
online recognition of handwritten Amharic words.uBhthis research work aims at designing an
online recognition system that takes handwrittenhAnt words as an input and produces the

equivalent machine editable text.




1.2 Statement of the problem

One can imagine how easy life we have in this llysamic world in case the portable machine
can understand what we write either in discreteénonatural handwriting mode. It would
certainly be difficult that writing/typing addresse memos, important information and
communication as well for those who are non natteeBnglish. In such a case, writing would
be more clear and easy to understand in their owal languages. In addition, it is helpful for
those such as, computer novices, old people igusamputer conveniently without the use of
both keyboard and keypad. Therefore, the systenmgahe intelligence in recognizing the

natural handwriting for all possible scripts arotihd world is the global market demand [12].

Frequently, handwritten data entered into computgriuman operators using keyboards. One
can think of the processing of forms, questionrsaiead notes etc. not only costly but also time
consuming. The easiest solution is the handwritregognition system, which converts
handwritten data into the format that can be usefliither computing. Therefore, handwriting

recognition is the connector between handwrittéormation and the IT world.

Despite many years of research in the field of kaitohg recognition technology, IT has not
reached the masses in local languages, in whichafimis one of them. Amharic is the official
language of Ethiopia which has around 80 milliomgde, according to the most recent official
census, which reflects the need of building a cetephandwriting recognition system with

maximum reliability.

A pencil and paper are often preferable for eveeytm use during the first draft preparation
instead of using keyboard and other computer inptegrfaces like this. In such a case,

handwriting recognition has gained the advantalgeaddition, the languages having a large set
of symbols, alphabets and numerals, designing adad is bulky and cumbersome to use as
well. For example, in Amharic a combination of upthree keys (in Latin-based keyboard) is
required to write a single Ethiopic character. Besea of this, writing Ethiopic text into a

computer is largely limited to trained typists evendesktop computers. Thus, the potential

application of online handwriting recognition systéor Ethiopic is enormous because it would




decrease the need for special training that isissdjwvith difficulty currently, to write Ethiopic

text into computers efficiently.

Altogether, more than 265 different symbols areduseAmharic. As, characters size are large,
it's input from the keyboard is cumbersome. Howeveaw pen tablets offer the possibility of
on-line handwriting when combined with handwritiregognition technology. The best way to
solve the need is not to design the keyboard bulesign the complete writer independent
natural handwriting recognition system, such threg can write in one’s writing style. In case the
keyboard is designed, one needs to practice tdusao extra task is necessary for one to use
handwriting. To the best of our knowledge, the psga recognition system will be the first step

to the contribution of online handwritten Amhariond recognition.

1.3 Objective
General objective

The general objective of the study is to providdatemindependent Online Handwriting

Recognition system for Amharic Words.
Specific objectives
The specific objectives of the research work are to

« study and analyze the language specific behaviodsniaric;

« analyze Amharic characters and writing styles;

» collect and build dataset and store it in the stashdUNIPEN format;

» investigate the properties of online handwrittenhamc words;

« explore and/or adopt techniques and algorithmgimidine recognition of handwritten
Ambharic words;

» develop a prototype for OHRAW,; and

» conduct experiments to evaluate the usability efgroposed system.



1.4 Scope and limitation

This study focuses on the design and developmeanlofe handwriting recognition system for
Amharic words. In this research work, all wordsresenting Amharic numeral system, and the
derivations and inflections of three Amharic verbabts are considered to conduct the
experiment. Thus, we used a total of 200 words,clwhare commonly used in daily
communication. For each word, we collected 34 sempvhich are used for training and/or
testing the recognition system. This limitatiordige to:

» shortage of the data collection device.

« difficulties with the usage of the device with whithe data is collected.

« difficulties to get volunteer writers to write spages of words without compensated

for their time.

1.5 Methodology
The methodologies that we followed during the regeare discussed below.

Literature Review

Different related literatures from different sowscare reviewed to understand handwriting
recognition system in general and Amharic word gedoon in particular. Materials written on

Ambharic language are reviewed to understand tha@af the language. Various research works
on online recognition of other natural languages eviewed to study the state-of-the art

recognition techniques. In addition, differentdg®ires on Ethiopic writing system are explored.

Data collection

There are different devices used to capture anordethe trajectories of pen-tip movements in
online handwriting. Most of them, e.g. TabletPC &1dAs capture the digital ink directly on

their screen and other devices like DigiMemo capthbe digital ink using ordinary paper placed
on their writing pad. There is an advantage of gigigiMemo in that it creates a natural feeling
of writing on a paper in which native writers ateeady used to. Thus DigiMemo is used for the

task of data collection.




To accomplish the research, a set of Amharic wardsselected and handwritten text of those
words are collected from users of the language.eldoh word, 34 samples are collected which
means that a total of 6800 samples were colledbd. dataset is stored in an internationally
accepted format known as UNIPEN format. The UNIPiEghNnat is an ASCII file storing data

collected with any touch sensitive or electro-maigndevice providing discrete pen trajectory
annotated with various information such as segntientand labeling [13]. This data is used to
train and test the recognition system, and alsd asea benchmark for the future study that will

be held on word level recognition of Amharic langea

Tools

In the process of this research work, programmaadstand other tools are used. C++ is used to
implement the system whereas the open source laplKit is used to convert digital inks of
handwritten words to UNIPEN format. Adobe Desigieeuused to prepare the data collection

forms on ordinary papers which are used to cohecdwritten data from users.

Evaluation

After the development of the online handwritingaguition system for Amharic words, testing

is conducted in different groups of sample datae @ataset consists of a total of 6,800 different
samples. Each sample data is evenly distributedtfediataset is also divided as training and
test data. Both the training and test data coratiisample words. The recognition result is then

reported.



1.6 Application of results

Since handwriting is one of the most familiar mediof communication, pen-based interfaces
combined with automatic handwriting recognitionesffa very easy and natural input method.
Ambharic is the official language of Ethiopia whikchs a population of over 80 million at present
It has become apparent that many people in Ethia@ausing small handheld devices such as
mobiles which are not convenient for data entry kegboard. The development of effective
online handwriting recognition system for Amhariords will increase the convenient of data
entry in handheld electronic devices. This will @av significant positive impact on the society

in general as it facilitates communication.

1.7 Organization of the thesis

This thesis is organized into six chapters. In @dag2, literature review of handwriting
recognition approaches are presented. Chapter Qisdiss about related works on online
handwritten text recognition. In Chapter 4, the pm®ed recognition system of online
handwritten Amharic words is discussed. It alsccdbss how the recognition is done using the
HMM model. The process of extraction of strokesonline handwriting recognition and
computation of features in a stroke are also dssulisn this chapter. Chapter 5 discusses
experimentation and gives a description of how deéas collected from 34 subjects using a

device called DigiMemo. Finally, conclusion anduitg works are forwarded in chapter 6.



Chapter Two

LITERATURE REVIEW

2.1 Introduction

Committing words to paper in handwriting is a urabyjuhuman act, performed daily by millions
of people. If you were to present the idea of “d#cg” handwriting to most people, perhaps the
first idea to spring to mind would be graphologyhieh is the analysis of handwriting to
determine its authenticity (or perhaps also the empon-scientific determination of some
psychological character traits of the writer). Bible more ordinary and more frequently
overlooked, “decoding” of handwriting is handwrgimecognition- the process of figuring out

what words and letters the scribble and scrawhempiper represent.

Handwriting recognition (HWR) is the task of tramshing a language represented in its spatial
form of graphical marks into its symbolic represdion [14]. In realizing symbolic
representations, we use machine editable charactgresented by the standard character

representations on computers such as ASCII or UNIEO

With the handwriting-recognition feature, you ca®e wyour handwriting instead of a keyboard to
enter text. You can write by using a handwritinguhdevice, such as a digital pen or stylus, or
by moving your mouse pointer. The computer convgdar handwritten words to typed

characters, and then inserts the text exactly wyeuwevant it.

Online handwritten text input mechanism is playagreat role for efficient use of handheld
devices having stylus and touch screen featureed®elsers have been done on different
handwritten languages. Among these Latin, Arabigin€se and Japanese are few to mention.
These researches are stepping stones for designthgnplementing HWR engines for the real
environment. Mainly, a number of recognition engpreducts have been developed for Latin
handwritten language. Nowadays beyond the acaddiW¢BSs are designed in the context of

commercial application and bringing huge benefits.




Optical character recognition, usually abbreviatedOCR, is the mechanical or electronic
translation of scanned images of handwritten, tyfitam or printed text into machine-encoded
text. It is widely used to convert books and docotsento electronic files, to computerize a
record-keeping system in an office, or to publisk text on a website. OCR systems require
calibration to read a specific font; early versioreeded to be programmed with images of each
character, and worked on one font at a time. 'light" systems with a high degree of

recognition accuracy for most fonts are now common.

As OCR technology develops, it expands to includeerand more types of text. Initially limited

to a few special fonts, it later grew to encompasstandard computer fonts, and is now used
regularly to process even handwritten text. Thaikthese developments, many processes are
being automated that could previously be done @ylyhand. However, due to differences in
handwriting and the preference of some people éoaussive letters, character recognition for
handwritten text remains far from perfect. WhileRi®as helped bring character recognition
technology into the realm of handwriting, diffidels begin when the characters stray too far
from standard printed text. New research in IWRe{ligent Word Recognition) is part of an
effort to make all text computer-recognizable. IWRintended to read cursive text as well as

printed text, so that all handwriting can be preees[15].

True to its name, IWR recognizes entire words, amatthan breaking text into individual

characters. Instead of trying to match each chardota pre-existing one in its database, IWR
software searches for matching words, thus itsedie a dictionary containing all of the possible
necessary words. This method of identifying texduees errors associated with misreading

individual letters, but is limited by the numberwbrds in its database.

IWR is not yet widely used because it lacks theuesty needed in a consistent, reliable tool.
More development is needed before this technolegybe relied upon in day-to-day operations,
but there is still very interesting potential. Canddl into one software, OCR, ICR and IWR
could automatically process any text document. Tosild further speed processing in many
offices and eliminate even more manual data enfrgr now, however, it remains an

experimental area, requiring more work before it bacome highly useful [15].




This chapter presents an introduction to handvgitiecognition, online character recognition

and online word recognition. Followed by techniqaésnline handwriting recognition.

2.2 Categories of handwriting recognition

Handwriting recognition is used most often to déwithe ability of a computer to translate
human writing into text. This may take place in afdwo ways, either by scanning of written

text or by writing directly on to a peripheral ingievice.

Offline Vs. Online

Off-line recognition takes a raster image from ans®r (scanned images of the paper
documents), digital camera or other digital inpatirses. Most scanning suites offer some form
of OCR, allowing users to scan in handwritten doenta and have them translated into basic
text documents. OCR is also used by some archiasta method of converting massive

guantities of handwritten historical documents is¢@rchable, easily-accessible digital forms.

In on-line, the current information is presentedhe system and recognition is carried out at the
same time. Basically, it accepts a string>gfyf coordinate pairs from an electronic pen touching

a pressure sensitive digital device.

Once the image is binarized in off-line case, @& of the techniques for classification can be
identical with only two basic differences. Firsthyff-line recognition happens after the writing
completes and the scanned image is pre-processedndy, it has no temporal information
associated with the image due to which it is naiviam to the classifier about the way and order
of writing. So, we can say, its knowledge aboutwhed is limited. It means, off-line data only
represents the final result after writing i.e. axage. Why does the global market demand follow
the on-line recognition system? On-line handwritregognition system, by contrast, captures
the temporal or dynamic information of the writirgnhances the accuracy over off-line. Another
advantage is interactivity, which means recognigamors can be corrected immediately with the

series of test. Yet, adaptation of any drawingsvofd is also an advantage over off-line. When
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the user faces that some words are not recognizadadely, user can alter his way of drawing
until it recognizes. It means user can adapt tanthehine. Conversely, recognizers are capable
of adapting users’ drawing, usually by storing plasssamples from a large number of users for
subsequent recognition. Thus, there is adaptatiamser to machine and of machine to user.
Electronic pen input is the direct method to corepaith the both off-line and key-board entry

to the system having recognition intelligence [12].

In addition, on-line recognition improves the wdltw, the information is immediately
available. However, the natural and comfortabléesty writing effectively reduces difficulty at
the threshold of using computers for common uskfsteover, it is recently showed that

handwriting input is the most acceptable and wekmput style.

Lexicon driven Vs Lexicon independent

Lexicon driven approach uses a fixed length lexicamd associates each word image in the
document with the top ranked matching lexicon. teri independent methods rely solely on

automatic character recognition.

Segmentation free Vs Segmentation based

Segmentation free methods try and recognize theeembrd image using its global features. On

the other hand segmentation based methods; relgreaking the word image into smaller

segments identifiable as characters and associaliearacter label to these segments. Here
contextual dependencies between neighboring segnart exploited here using time series
models such as Hidden Markov Models (HMMs) [16].

Recognition accuracy is the leading parameter auate handwriting recognition systems to
decide on their usability. Looking into the histon§ commercial handwriting systems, it is
proven that developers started to put differentstaints on the usage of their systems to get a
reasonable accuracy rate [17]. Due to this reasoline systems started to fall in two types

namely constrained and unconstrained systems.
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Constrained Vs Unconstrained

The systems that placed restrictions on writingestgre constrained system. Some of them may
want users to write in a discrete manner and saimer®force users to write in a given order of
strokes. Surprisingly enough, Graffiti, a produ€tRalm Computing that took the market by
storm, placed the most suppressing restrictionssens by only allowing them to use only single
strokes to write all the Latin characters [17]. Maay users write in Graffiti is even far from
natural handwriting since it obliges users to wdtdy in a specified direction. It also modifies
the shapes of the characters. On the other hawednstrained handwriting recognition systems
allow users to enjoy writing in their own naturanawriting. Although these systems relax

users, their recognition accuracy could be evigdnter than constrained systems.

Recognition of unconstrained handwriting is diffichiecause of the diversity in writing styles,
inconsistent spacing between words and lines, andrtainty of the number of lines in a page as
well as the number of words in a line. Also, mostrent handwritten word recognition
approaches depend on the availability of a lexi@inwords for matching, making the
recognition accuracy dependent upon the size oletkieon. So, for a truly general application-
independent word recognizer, the lexicon would e éntire dictionary and the accuracy of
recognition would be very low.

The amount of training data and its source usddaino the systems is also a factor to come up
with a different classification approach which oduces two types of online handwriting
recognition systems: writer-dependent and writelependent.

Writer-Independent Vs Writer-Dependent

A writer independent recognition system recognizete ranges of possible writing styles, while
a writer dependent recognition system is trainegéognize only from specific users. Therefore,
a writer dependent recognition system works on datia a smaller variability and therefore a
chance of having higher reliability is achieveddontrast to writer independent recognition
system. Writing one’s style brings unevenness itivg units, which is the most difficult part.

Variability in stroke numbers, their order, shapel &ize, tilting angle and similarity among
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characters from one another are found more oftewriter independent recognition system.
Broadly, there are two kinds of writing styles. Vhere hand printed and cursive handwriting. In
cursive style, characters are deliberately link@thfng one from many to draw the word, while
in hand printed style possible number of characteesused, each character has significant role
to complete the character. In cursive style, thedrtant information such as intersections, loops,
curves, straight lines and hooks etc. are missBanetimes, both writing styles are mixed.
Natural handwriting contains all types of stylesnting from any of the users. Specifically, the

writing is said to be natural as if users writeaopiece of paper [17].

Automatic recognition of handwriting can be donechtracter or word level. Word level
recognition avoids the segmentation procedure wisckhallenging task in the cases when
characters of handwritten text are connected affidudt to segment them. On the other hand if

characters are isolated, character level recognéiso yields satisfactory result.

2.3 0nline character recognition

As stated earlier, on-line handwriting recognitiodolves the automatic conversion of text as it
is written on a special digitizer or PDA, whereesmsor picks up the pen-tip movements as well
as pen-up/pen-down switching. That kind of dateniswn as digital ink and can be regarded as a
dynamic representation of handwriting. The obtaisigghal is converted into letter codes which

are usable within computer and text-processingicgns.

The term ‘recognition’ is a typical word used inmggpattern recognition systems. Recognition
systems are in general devoted to classify inptiepes to corresponding entities. These entities
vary from one system to another. Recognition systegmwhich characters are expected to be

classified, are referred as character recognitysiesns.

One major distinguishing feature of character redogn systems is the type of characters,

which are supposed to be recognized. There aremgstor recognition of printed characters,
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typewritten characters or written characters. Daoethte varieties occurring to handwritten

characters, development of the handwriting recagngystems is the most challenging.

2.4 Online word recognition

A word is the most natural unit of handwritingidtconstructed by combining alphabets found in
the symbol set of the language. Words can be writtesolated, cursive or mixed form. Isolated
(discrete) form is a way of writing a word by segtarg characters using spaces whereas writing
a word by connecting characters to one anothealiscccursive writing style. When both styles
are used together, it is called mixed form. Fomeple, words written in Latin alphabets can be
written in both isolated and cursive form, wordstten in Arabic language are in cursive form
and Amharic words are written in isolated form. Shiariation of writing styles makes

handwritten word recognition process difficult [18]

Online word recognition is a process of gettinghane handwritten word image and/or a lexicon
as an input and determines the most appropriatd that best matches the specified parameter.
The matching process can be improved by using ehéegtual knowledge of characters of the
word in the lexicon. For example, it is well knowrat the identity of a character is constrained

by the identity of its predecessor in the word [16]

Generally, handwritten word recognition process basn using two main approaches: the
analytic approach and the holistic approach [19}hke former approach, the word is treated as a
collection of simpler subunits such as charactansl typically recognized by segmenting the
word into subunits and identifying the subunitsotain a word-level interpretation. The latter
approach treats the word as a single, indivisibléyeand attempts to recognize it using features
of the word as a whole [20]. This approach is irepiby psychological studies of human
reading, which indicate that humans seldom readrléy letter; they use holistic features of the
word shapes such as length, ascenders, descemdelsoas to read whole words at once. The
advantages of holistic approach are manifolds: I{1gan avoid the segmentation procedure
which is a challenging problem in the analytic amwh; (2) Holistic features provide
information about the word that is orthogonal te #mowledge of characters and may succeed

when the writing is so poor that the individual dwers cannot be distinguished but the overall

14



shape of the word is preserved [18]; (3) has theamihge of speed, and avoids problems
associated with segmentation. Moreover, reseamawesed that combining holistic and analytic
approaches can improve the recognition rate owardha single classifier [21], so these two

approaches can be considered complementary.

2.5 Recognition techniques

A number of online handwriting recognition systemave been built by using different
approaches. Some of the commonly used techniqeepramitive decomposition, deformation
models such as local and global affine transforomaind elastic matching, Hidden Markov
Models (HMM), Time delay neural network and Combioia of multiple classifiers [22]. In this

section we discuss on basic methods that commaelgt:u

2.5.1 Elastic Matching

Elastic matching is one of the pattern recognittenhniques in computer science. Elastic
matching (EM) is also known as deformable templfigxjble matching, or nonlinear template

matching.

Elastic matching can be defined as an optimizapooblem of two-dimensional warping
specifying corresponding pixels between subjecteages. Dynamic Time Warping (DTW) is
an elastic matching approach that has been obséovgide better results matching techniques
[14].

For matching online handwritten symbols the famelastic matching algorithm, DTW has been
used. It is a technique that finds optimal aligntestween two time series if one time series
may be warped non-linearly by stretching or shngkit along its time axis. This warping
between 2 time series can then be used to fingith#arity between them. LeX andY be two

time series of lengthX| and|Y| given by
X= X1, Xo... Xoow X|X|
Y=y1, Yoo MY v (2.1)
A two dimensional cost matri@ of size|X| by |Y|is constructed where the valuelx({i, j) is

given by
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D(G,j—-1)
D (I! ]) :{ D(l - 1']) + d(xi!yi)} (22)
DGi—1,j—1)

Where the particular choice of the recurrence imataries with the application and the distance
function,d, depends on the features used. The DTW warp pathl¢ulated starting &t (|X|,|Y|)
and by backtracking the minimum cost index painsliterature, elastic matching method has
been implemented by many researchers.

The author in [21] describes character based elasiching using local features for recognizing
online handwritten data. Dynamic Time Warping (DTW) ha®rbaised with four different
feature sets: x-y featureShape Context (SC) and Tangent Angle (TA) featuGeeralized
Shape Context feature (GSC) and fbarth set containing x-y, normalized first and @t
derivatives and curvature features. The training esting sets contain 50683 and 26926
samples respectively. They have used the trairangpges alone for their experimentation, out of
which, 40586 samples have been used for trainiy4680 for testing. Theflave used the
Nearest Neighborhood (NN) classifier that uses E@N distance found between the test
patterns and templates using different feature sBisarest neighborhood classifier with DTW
distance was used as the classifier. In comparteenSC and TA feature set was found to be the
slowest and the fourth set was best among all enrédtognition rate. The results have been
compiled for the online handwritten Tamil and Teludata. On Telugu data they obtained an
accuracy of 90.6% with a speed of 0.166 symbols/Beéncrease the speed they have proposed
a 2-stage recognition scheme using which we oldaa@euracy of 89.77% but with a speed of

3.977 symbols/sec.

In early works, [23] used elastic matching for mgaition of scanned images. In this system a
handwritten FORTRAN program is digitized and comedrto ASCIl code. After digitization,
the patterns are thinned and then they are codeddirections in order to build sequence of
points. A distance based on a dynamic programmimmdla, similar to elastic matching, is
calculated [23]. In [24] proposed a distant toléistroke matching method that uses stroke based
affine transformation. Stroke based affine transftion transforms each stroke of an input

pattern to yield the best match with referencegpatt as a kind of flexible shape matching. They
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presented experimental results for Kanji characées obtained recognition rate of 98.4% in
case of data freely written in square style and 96#ctest data written in fast and cursive
handwriting style. In the same year, [25] proposedmethod to recognize handwritten
alphanumeric characters where an online handwrit@nacter is characterized by a sequence of
dominant points in strokes and a sequence of wgritlinections between consecutive dominant
points. The directional information of the domin@woints is used for character pre-classification
and the positioned information is used for finesslcation. These pre-classification and fine
classifications are based on dynamic programminigtia@ technique used was elastic in nature.

2.5.2 Hidden Markov Model

An HMM is a doubly stochastic process with an uhdeg stochastic process that is not
observable (it is hidden), but can only be obsemedugh another set of stochastic processes
that produce the sequence of observed symbolsHMM is a finite set ofstates each of which

is associated with a (generally multidimensionaipbability distribution [26]. Transitions
among the states are governed by a set of protiabilalledtransition probabilities.In a
particular state an outcome observationcan be generated, according to the associated
probability distribution. It is only the outcomegtnthe state visible to an external observer and
therefore states are “"hidden" to the outsidecddéime name Hidden Markov Model.

The other main approach to cursive handwritten werbgnition is based on hidden Markov
models (HMMs). For all technical details of HMMs wefer the reader to [27]. HMMs qualify
as a suitable tool for handwriting recognition &onumber of reasons. First they are stochastic
models able to cope with noise and shape variatimatsoccur in handwriting. Next, the number
of tokens, or feature vectors, representing an awknword may be of variable length. This is a
fundamental requirement in cursive handwriting megton because the lengths of the
individual input words exhibit a great degree ofiaton. Moreover, using an HMM-based
approach, the segmentation problem, which is exhendifficult and error-prone, can be
avoided. Finally, there are standard algorithmswkndrom the literature for both training and
recognition using HMMs. These algorithms are reabbnfast and can be implemented with
ordinary effort. Also software packages includinlj mecessary modules for training and

decoding have become available [28].
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When using HMMs for a classification problem aniwdual HMM is usually constructed for
each pattern class. For each sequence of featgteryeextracted from the input pattern, the
likelihood that this sequence was produced by &qodsr HMM can be computed. Eventually,
the class with the highest likelihood value is @roas the recognition result. In word recognition
systems with a small vocabulary, it is possibléwdd an individual HMM for each word. But
for large vocabularies this method is not applieabhy longer because of lack of sufficient
training data. In this case HMMs are built on arelkter basis and character models are

concatenated to word models. In this way the tngiiata are more intensively used.

In order to optimize recognition performance, thElMis have to be fitted to the considered
problem. In particular the number of states, thespme transitions, and the feature vector
probability distributions has to be chosen. Becaaokedhe linear, left-to-right direction of
handwriting, a linear transition structure is ofeedopted (i.e. the state transition probabilities a
chosen in such a way that a linear left-to-rigldesing of the states is imposed). The feature
distributions are usually assumed to be Gaussiamigtures of Gaussians. To adjust the
remaining free parameters of an HMM, i.e. the ftitaors probabilities and the parameters of the
feature probability distributions, Baum-Welch triaig, a special version of the EM-algorithm is
often used [27].

Elements of HMM

In order to define an HMM completely, following elents are needed.

« The number of states of the modsl,
« The number of observation symbols in the alphadetf the observations are continuous
thenM is infinite.

- A set of state transition probabilities. A}

a=p{aw1=jlg=i}, 1<ij=<N, (2.3)

Where @denotes the current state.

Transition probabilities should satisfy the normsi@chastic constraints,
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&;>0, 1<i,j<N

and
Y¥iaj=1 1<i<N (2.4)
A probability distribution in each of the statd3+{ bj(k)}
B;(K)=p{o=vk|a=j}, 1<j<N, 1<k<M (2.5)

where v denotes the'kobservation symbol in the alphabet, anthe current parameter
vector.

Following stochastic constraints must be satisfied.
i%)>0, I5<N, 1<k<M
and
Mib)=1 1<j<N (2.6)

If the observations are continuous then we willéhdav use a continuous probability
density function, instead of a set of discrete philties. In this case we specify the
parameters of the probability density function. &lsu the probability density is

approximated by a weighted sumMfGaussian distributions N,
bj (Ot) = Z%:l ijN( Hjm» ij' 0t) (2.7)
Where, &= weighting coefficients

Wm= Mmean vectors
Xjm= covariance matrices

¢m should satisfy the stochastic constrains,
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%0, <N, 1<m<M
and
Ym=1Cm =1 1<j<N (2.8)

- The initial state distributiony = {mi} .

where,
mi=p(q =i, 1<i<N
Therefore we can use the compact notation

A= (A B,m) (2.9)

to denote an HMM with discrete probability distrilmns, while
1= (A'ij’.ujm;zjm;‘r[) (210)

to denote one with continuous densities. Amoreildet@xplanation of hmm can be found in
[26, 27, 29].

The Three Basic Problems For HMMs

Given the form of HMM of the previous section, thare three basic problems of interest that
must be solved for the model to be useful in reatlsvapplications. These problems are the
following:

* Given the observation sequence 0 #@. . Or, and a modek= (A, B, =) how do we
efficiently compute P (O)), the probability of the observation sequencegegithe
model? This problem is solved by the Forward anckBard algorithms [26].

» Given the observation sequence 0;70,... Or, and the model A, how do we choose a

corresponding state sequer@@e ¢ . . . ¢ Which is optimal in some meaningful sense
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(i.e., best “explains” the observations)?. Solbgdhe Viterbi algorithm and Posterior
decoding [27].

* How do we adjust the model parameters (A, B, T)to maximize P (O})? Solved by
the Baum-Welch algorithm [29].

Problem 1 is the evaluation problem, namely given a model argbquence of observations,
how do we compute the probability that the obsemseglience was produced by the model. We
can also view the problem as one of scoring howl \webiven model matches a given
observation sequence. The Latter viewpoint is extg useful. For example, if we consider the
case in which we are trying to choose among severapeting models, the solution to Problem

1 allows us to choose the model which best mattteeebservations.

Problem 2is the one in which we attempt to uncover the hidpart of the model, i.e., to find
the “correct” state sequence. It should be cleat tbr all but the case of degenerate models,
there is no “correct” state sequence to be fourahdd for practical situations, we usually use an
optimality criterion to solve this problem as bastpossible. Unfortunately, as we will see, there
are several reasonable optimality criteria thatlmaimmposed, and hence the choice of criterion is
a strong function of the intended use for the ueced state sequence. Typical uses might be to
learn about the structure of the model, to findiropt state sequences for continuous speech
recognition, or to get average statistics of indlixl states, etc.

Problem 3 is the one in which we attempt to optimize the eloparameters so as to best
describe how a given observation sequence comest.abbe observation sequence used to
adjust the model parameters is called a trainingesgce since it is used to “train” the HMM.
The training problem is the crucial one for mosplagations of HMMs, since it allows us to
optimally adapt model parameters to observed trigimiata-i.e., to create best models for real
phenomena.

To fix ideas, consider the following simple isolht®ord speech recognizer. For each word of a
W word vocabulary, we want to design a separat¢éade-$HMM. We represent the speech signal

of a given word as a time sequence of coded speeictors. We assume that the coding is done
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using a spectral codebook with M unique spectratars; hence each observation is the index of
the spectral vector closest (in some spectral $e¢aghe original speech signal. Thus, for each
vocabulary word, we have a training sequence congisf a number of repetitions of sequences
of codebook indices of the word (by one or mor&eid). The first task is to build individual
word models. This task is done by using the satut®Problem 3o optimally estimate model
parameters for each word model. To develop an gtalating of the physical meaning of the
model states, we use the solution to Problem 2¢ment each of the word training sequences
into states, and then study the properties of pextsal vectors that lead to the observations
occurring in each state. The goal here would bmake refinements on the model (e.g., more
states, different codebook size, etc.) so as toaugits capability of modeling the spoken word
sequences. Finally, once the set of wdMMs has been designed and optimized and thoroughly
studied, recognition of an unknown word is perfadmesing the solution to Problem 1 to score
each word model based upon the given test obsemvatquence, and select the word whose
model score is highest (i.e. .,thighest Likelihood). The formal mathematical saus8 to each

of the three fundamental problems for HMMs are @nésd [26, 27].

The main approach in [30] is HMM which is mainlysdebed by connection ways between
states A left-to-right model could depict the segment lagtiredundancy and lost as shown in
figure 2.1, in which the self loop is used to abstive redundancy segment. Each state could
shift not only to the very next state, but alsoatwy of right side successive states, which
represents omitted segments or lost segments.eAenid of character HMMs an end state has
been added so that the state or states group pondisg to the last segment could be crossed
over and ends in it. It is an upper triangular imaitn that the direction of transition is either
pointing to original state or shifting to the rigdtates. So,

aijJi S]}
0,i>]

The end
C E % E state

Figure 2.1: The structure of Left —to-Right HMM wit h state skipping.

where g=state transition probability
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The cascaded HMM is the extension of state tramsiti a sense, which describes the variability
between characters. It could be used inside a cieayaa word, or sentences to put the sub-
pattern models together and form the correspongattern model. Figure 2.2 illustrates the
special connection associated wWihiy+1. The arcarrow between the two Character models is in
fact a group of shifting lines, which represents thansitions from the last state or the last
several states in the former model to any stateeixt model. The end state is skipped over

during the model cascading.

. Pixiz- .
‘ Ik m =1
| the end state 15 shipped

Figure 2.2: The sketch map of cascaded HMM

Pidik+1 is called model link probability (transition prdikty)

There are two ways to connect characters{i+1), one is arbitrary connection with a constant,
Pidk+1 , the other is to link by the co-occurrence probapilivhich could be found with statistics

from lexicon. If the two characters cannot linkétiter, the probability is equal to zero.

The HMM Based On-Line Recognition of Handwritten M#hoard Notes by [31]. The corpus of
handwritten whiteboard data was compiled by therd &nthe same corpus used for the
continuous handwriting recognition experiments. their paper, highlight issues which are
specific to whiteboard writing and suggest methadispre-processing to resolve these. In
particular the main differences in whiteboard wagtiare the complex baselines of a sentence
which usually cannot be interpolated with a simpddynomial of degree 2" and the shortening
of letters which occurs the further right the wagbears on the board. In [31] experiment, the
data was pre-processed by splitting the lines xifitdo segments and correcting any skew and
slant as well as normalizing the width of the chtees. Then a set of feature vectors were
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extracted which included x and y co-ordinates, g@eed writing direction and curvature and the
HMMs were trained. 58 HMMs with up to 36 Gaussiaixtores were used to represent the
upper-case and lower-case Latin characters and addigonal special punctuation characters.
As the system was performing handwriting recognitim text lines, not just on single words,
statistical language models were used to assidasgsification. In particular, a statistical bi-gra
language model was integrated which attemptedassifly a word not only by using its feature
vector to match each character to an HMM classubas a context dependent model to try and

pick the most likely word based on the word tha&ceded it in the sentence.

The classifiers were initially tested using on-lifeatures only which resulted in a word
recognition rate of around 50% however; the additboff-line features increased this by nearly
17%. An important conclusion from their experimentss also that the integration of a language
model provides a statistically significant improvamh to the recognition rate which is on

average just under 3% giving their best perfornalagsifier a word recognition rate of 70%.

2.5.3 Time Delay Neural Network

Time delay neural network (TDNN) is an alternatheural network architecture whose primary
purpose is to work on continuous data. The advandéghis architecture is to adapt the network
online and hence helpful in many real time appiocd, like time series prediction, online spell
check, continuous speech recognition, etc.

The architecture has a continuous input that iayé&l and sent as an input to the neural network.
As an example, consider training a feed forwardralenetwork being trained for a time series
prediction. The desired output of the network is finesent state of the time series and inputs to
the neural network are the delayed time seriest (yp@lses). Hence, the output of the neural
network is the predicted next value in the timdesewhich is computed as the function of the

past values of the time series.

The Time Delay Neural Network (TDNN) architecturensists of input, hidden and output
layers. Each node in the hidden layer is connetded fixed sized time-window of the input

layer, and each node in the output layer is comuetd a fixed size time window of the hidden
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layer. Thus, multiple TDNN's can be strung togeffioerthe length of the input and produce, for
each element in the time sequence, a set of estinikelihoods for all letters. In practice,78
output neurons are used, 3 for each letter, demabtia beginning, the middle and end of each
letter. This combination of the TDNN with DTW islieal the Multi-State Time Delay Neural
Network (MS-TDNN). Each neuron is a summing unithwva sigmoid squashing function
applied to the output. Like many other multi-layegural networks, it is trained via back-

propagation with a momentum term [32].

The alignment of the outputs is done with the afdaodictionary. For each word in the
dictionary, the DTW algorithm is used to align therd optimally with the outputs of the MS-
TDNN. The word with the smallest cumulative ernoiits optimal alignment is outputted as the
optimal word. This reliance on a dictionary as sioée language model is the weakness of most
current algorithms as they cannot recognize strdugs as names that are not in the dictionary or

abbreviations which humans can [32].

In the work of [33], Feed-forward Neural Network#twa single hidden layer are used for the
recognition of handwritten Canada characters. Ththaas use approximation coefficients

derived from Wavelet decomposition on the prepreeds(x, y) as features for representing
characters. The input character is initially clasdi into its consonant group (defined as a
consonant and any of its vowel combinations), aphrate neural networks are used for further

classification within the consonant group.

The neural network based approach is also adoptdd4p for the recognition of online Tamil
characters. Their work compares the performandémé Delay Neural Network (TDNN) and a
single hidden layer network for the classificatiask. Due to the presence of similar looking
characters and high dimensionality of the input,NND exhibits poor performance when
compared to the single hidden layer network. Thekvadso studies the relevance of different
features such as (X, y) coordinates, sequenceedtiins, curvature, sequence of cosine angles,

and wavelet features.

In [35] designed a writer-adaptable character reitim; system for online characters entered on

a touch terminal. It was based on a time delay alaustwork that is pre-trained on examples
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from many writers to recognize digits and upperdasiers. This system includes fast writer
dependent learning of new letters and symbols. Sjistem was memory and speed efficient.
[36] Developed a recognition system for cursivedvarting which is based on a variant of the
self-organizing map algorithm. In [37] presenteceéhsophisticated neural network classifiers to
solve complex pattern recognition problems thatlude multiple multilayer perception

classifiers, HMM multi layer perception hybrid cafger and structure adaptive self-organizing

map classifier.
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Chapter Three

RELATED WORKS

3.1 Introduction

The problem of handwriting recognation has beeesaarch challenge since the beginning of
the sixties,when the first attempts to recognasidated handprinted characters were performed .
Since then, numerous methods and approaches have pgoeposed and tested , many have
already been summarized in a few exhaustive supapers. over the years, these research
projects have evolved from being academic exersigge developing technology driven
application[14] .

The wide spread use of pen-based hand held destodsas PDAs, smartphones ,and tablet-PC,
increases the demand for high performance on-lamelWritten recognation systems. This man-
machine interface method is an alternative forttaditional keyboard with the advantages of
being more easy , friendly , and natural. This tethigy has great potential markets in friendly

learning environments, business applications angmo

People in various fields and generations come talleathe hand-held devices at their offices,
school, homes and on the street corners. That ys arheasier and flexible input device instead
of keyboard is needed for faster processing. Ih sucase, devices with natural handwritten
input is the possible solution, however, it is aatew in this era. A wide range of digitizer with
different technologies is available in the marketother words, use of digitizer tablets covers a
wide range, based on their applications and rdiligbDigital pen has been used as a human
computer interface since few decades because diekibility in writing any kinds of texts,
drawing graphics according to the users’ desir@séhare the cases, where the recognition block
for handwritten graphics, texts and so on shoulddrabined with the system. As there is large
number of tablet digitizers, the main measuringigien is characterized by resolution, accuracy
and sampling rate. A basic function of the digrtzitablet within a pen-computer is to detect the
stylus on the writing surface and measure its osiit its nominal sampling rate [38]. The
sampling rate typically varies from 50-200 Hz degieg on the application. Finer resolution is

received with the higher sampling rate, which canuaately measure the fast strokes while
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reverse is the case for rough resolution. One efititeresting technologies is, the digitizing
tablet is combined with the display screen, prawgdhigh level of interactivity. Users can
perceive the drawing/writing on the same screeitthatsame time, which provides similar
experience to that of drawing/writing using the wemtional pen and paper. However, a special

attention is needed to design a display screergdtmdigitizing surface.

In this section we present relevant papers thae Hmen made to develop online handwriting

recognition for Arabic, Latin, Chinese and Ethiopic

3.2Arabic Online Handwriting Recognition Systems

The Arabic script is used as the alphabet for sgManguages such as Farsi, Urdu, Malay,
Swabhili, Hausa, and Ottoman Turkish. It is writfesm right to left in a semi cursive manner in
handwriting as well as machine printing. On onedharabic script is similar to western scripts
in that it has a strict alphabet consisting ofdlstf numerals, punctuation marks, spaces, and
special marks. On the other hand, it is differanthie way it combines letters into words and the

way it treats vowels [39].

The Arabic script consists of 28 basic letters,atidlitional special letters, and 8 diacritics. A
letter in Arabic usually has several (2 to 4) diéfet shapes — initial, medial, final, and isolated;
according to its adjacent letters and its positathin the word. As a result, the 28 basic letters
in Arabic script have 120 different shapes. Sonteede interrupt the cursiveness of a word by
prohibiting a connection to the following lettersdasplitting words into connected groups of
letters called components. Each component inclodesor more letters, and with its additional
strokes, forms a part of word, which calbrd-part [39].

In this subsection, we present two papers relet@amur work and for which summarized

explanations are offered.

The research goal in this paper [39] is to buildnalti-level recognizer for online Arabic

handwriting, which reduces the search space, byyiagpa series of filters in a hierarchical
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manner.And alsothe system focuses on testing the feasibility ef iacognition using holistic

approach in a reasonable response time.

The authors present a new online recognition algorifor handwritten Arabic script. They have
adopted the holistic approach to avoid segmentiogisinto letters. Nevertheless, they segment
words into connected components, which had bededcalord-parts They also perform the
recognition on the word-part level instead of thieole word level and ignore the additional
strokes. Such an approach dramatically reducesaaech space as many words share common
word-parts and some differ only by the additiortablees. To reduce the search space, apply a
series of filters in a hierarchical manner. Thdieafilters perform light processing on a large
number of candidates and the later filters perfdr@avy processing on a small number of
candidates. In the first filter, global featuredamelayed strokes patterns are used to reduce
candidate word-part models. In the second filecal features are used to guide a dynamic time
warping (DTW) classification. The resulting k tognked candidates are sent for shape-context
based classifier, which determines the recognizexdiypart. In this work they have modified the

classic DTW to enable different costs for the dife operations and control their behavior.

The system accepts an ordered sequence of sampéeslydfrom the digitizer. The input
sequence then goes through the following stagesdier to recognize the corresponding word.

1. The input sequence goes through sexgametric processing stefis minimize handwriting
variations and reduce noise.

2. The points on the input sequence are classifittdbody and complementary parts; then the
delayed strokes, which belong to the complemergary, are extracted and classified into points
and strokes.

3. The global features and delayed strokes pat@sised to determine the set of candidates,
which is usually a small fraction of entire datgg€X].

4. Local features are extracted from the point sage that represents the main body part.

5. The extracted features are fed to a dynamic tuaping (DTW) recognizer, which uses the
extracted features to determine and order theadamodels (candidates) that match the input

sequence.
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6. The top ranked k candidates are sent shape contexbased classifier that determines the

recognized word.

For evaluating the recognition rate, they used ®@0d-parts retrieved randomly from the
database. Six students participated in there expeati, where each performed the test 10 times,
with different sets of random word-parts. Threehs six students participated in generating the
shapes of the word-parts (trained the system).h&g said such separation enables evaluating
the writer dependency of the system. The averagts obtained by the experiment are 87.8%.

The main aim in the second paper [41], was recaggianline Arabic handwriting written in
continuous form. The basic units of recognitionduaee strokes, which are sub-letter parts. The
general description of the paper is summarizedvbelo

The phases of this system afata collection segmentationsampling normalization feature

extractionandclassification

Data collection the data collection procedure carried out todatk the functionality of the
system was done using the ACECAD DigiMemo to aeguiriting from users.

Data collection was carried out from users by agkimem to write a number of words in a
typical Arabic script. The written words were chiose include all strokes in a balanced number.
For the validation of the system, six writers wasked to write the word set. Each writer was
asked to repeat the set six times. This amourgadb writer writing 486 letters, which equals to
2916 letters written in total, which equals to 5&2®kes.

Feature extraction features are extracted from collected data awdtéethe classifier. To
provide better robustness in classification, thegdua feature vector that was adopted in [42].
No letter boundaries are explicitly known in a weit cursive word. To mitigate this problem a
sliding window of a length of 10 samples goes dlierwhole word feature vector sequence. The
window slides with 50% overlap with the previousndow. The length of the window was

obtained from the shortest sample length of theksts average samples lengths.
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Classification: As the basic unit of the recognition was the lsttoHidden Markov Models

(HMM) with Gaussian-mixture continuous emissionsreveonstructed to model each stroke.
The paper stated that, this is especially helpfuhie Arabic script, since letters have different
shapes according to their positions. Using Strakeed recognition reduces the initial
recognition set from 70 letter shapes to 20 stroKeaining, evaluating, and decoding of the

HMMs was carried on as described in [27].

Experimental results Due to the limited number of writers used toidate the system, the
training/testing methodology used was writer deendThe system was trained on half the data
submitted by a given writer, then tested on theaiamg half of the data to achieve the stated
recognition rates. For the writers’ data, Table Suinmarizes results obtained. In general, they
notice that letter and stroke recognition ratescaraparable (with letter rate slightly lower). The

same applies for letter/stroke insertion rates.

Table 3.1: Summary of experimental results obtaineds reported in [41].

Stroke Letter
Writer _ : _ :

Recognition| Insertion | Recognitio | Insertion

Rate (%) Rate (%) | n Rate (%) | Rate(%)
1 78.5 30.1 75.4 35.2
2 80.2 34.4 77.1 36.4
3 79.1 37.6 76.8 38.6
4 76.3 35.2 73.4 36.1
5 77.6 30.6 74.8 34.7
6 78.4 35.4 76.2 35.9
Averages| 78.25 34.00 75.25 35.75

Practically functional Arabic handwritten OCR syste are rare, and the product of Arabic
Writer form ImagiNet can be selected as a reprasestone. The underlying methodology of

this system is to train and deploy artificial NduNetworks to decide on the most likely
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character sequences corresponding to the dynaypnsatised features sequences of curvature,
with a preprocessing of short strokes correspontbngots and diacritics. For more details on

this system visit [43].

3.3 Latin Online Handwriting Recognition Systems

On-line handwriting recognition for Latin script &srich and huge field in both research and
commercial products domains. Researchers, resgaocips, and research centers working in
this field are spread overall the world. Datasetstifaining and comparison of results are found
easily. A lot of magazines, journals, and confeesncan be found in this area (They are not
restricted for Latin script but Latin script is thegjor script) .Many companies such as Vision
Objects, A2IA, ABBYY, Readiris, etc. are working ithnis field. Very high performance
commercially products can be found in many apphbeet like Para script, Rite script, Rite pen

etc. Users can enjoy entering data on handhelatdgwsing pen instead of the keyboard.

The paper [30] emphasized the fact that HMMs aiteally applied to speech recognition tasks
and it had also been proven that they could alsauded to build an online handwriting
recognition system. The main goal of [30] is to elep a method for handwritten English word
recognition based on CCHMM (Cascade Connection ¢hddarkov Model), using left-to-right
HMM with state skipping, is proposed in this papEne state skipping is used to describe the

joint between models, where more information ofdvoursive deformation is contained.

The cascaded model training process should be cartedfter the individual character models
training have been finished. Models are trainesdhgishe well-known Baum-Welch algorithm.

The examination test is conducted by using a datkath 15,000 training samples and 3,000
testing samples, totally 18,000 samples. The appradtain 89.26% recognition rate for the
first candidate, while the recognition rate of fimete states network method's first candidate is
82.34%.furthermore, the author argue that one HidMone character is not enough to cover
the freehandwritten text's variability and illegibility. heeds large scale of training and testing

database.
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The author in [44] present a system for recognizimgonstrained English handwritten text
based on a large vocabulary. The system has thag® components that are described by the

author, which are preprocessing, feature extraermhrecognition.

The proposed a system follows the analytic approaeh it segments complete lines of
handwritten text into single words. The word segmeon algorithm used in this system
incorporates some ideas from [45, 46]. For wordgedion hidden Markov models over a given
vocabulary are used. In the preprocessing phasaahéwritten texts are first segmented into
lines. Then each line of text is normalized witkpect to of skew, slant, vertical position and
width. After these steps, text lines are segmeirttalsingle words. For this purpose distances
between connected components are measured. Usimgsdold, the distances are divided into
distances within a word and distances betweenrdiftewords. A line of text is segmented at
positions where the distances are larger thanttbsen threshold. From each image representing

a single word, a sequence of features is extracted.

The extracted features are input to a recognitimtgrure which is based on hidden Markov
models. To extract such feature vectors from a vimabe, a sliding window is used. A window
of one column width and the word’s height is moveaim left to right over the word to be

recognized. At each position of the window ninergetrical features are determined.

In the recognition phase the character models areatenated to words according to the
underlying vocabulary. It is assumed that eachufeasequence extracted from an image
contains exactly one word. Using the Viterbi algon the probability of each word model
corresponding to the given feature sequence camoimputed. The word model with maximum

probability is taken as recognition result.

As a result, they investigate the stability of thegmentation algorithm the threshold that
separates intra- and inter-word distances from e#udr is varied. If the threshold is small many
errors are caused by over-segmentation, while #&ogel thresholds errors from under-
segmentation occur. The best segmentation perfarenasn95.56% correctly segmented words,
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tested on 541 text lines containing 3899 words.e@Gia correct segmentation rate of 95.56%, a

recognition rate of 73.45% on the word level isiacéd.

The paper [47] emphasized the fact that HMMs aiteally applied to speech recognition tasks
and it had also been proven that they could alsauded to build an online handwriting
recognition system. The main goal of this rese&ab improve the accuracy of a system named
BYBLOS by adding features. The BYBLOS [48] onlinandwriting recognition system was
built by adapting the BYBLOS CSR [49] speech redtigm system. Moreover, there is an
attempt to build a real time handwriting recogmticystem of the baseline BYBLOS

handwriting recognition system without sacrificimgich accuracy.

The BYBLOS recognizer is a writer-independent maiobncerned with cursive handwriting.
Moreover it is sentence-based recognition. No camgs are imposed on the users except the
following regulations while collecting the BBN datarpus [50] by which the research is based
on.
» All small letters should be connected which meamnsethstyle (discrete and cursive) is
not allowed.
* The dot above letters like i should be written aftee word is completely written i.e. it is

not allowed to lift the pen without finishing a vabr

The BYBLOS online handwriting recognition systens laree module$:ront-end trainer and
the decoder The front-end module is responsible for generating observation sequéorcéhe
HMM from the input handwriting data. It includesrek stepspreprocessing(constructing
invisible stroke and padding filtergomputing feature vectawith 6 features (pen up/pen down
bit, delta-x position, delta-y position, writing gla, delta writing angle, and sgn(x-max(x))) and
computing the observation sequeni® converting the feature vector to the observatio
sequence which could be the input for the recoghiZéetrainer module is implemented for
the purpose of training the HMM. Tlrdecoder employs the fast match search and the Viterbi
beam search to produce the most-likely sentencis feported that it has achieved a good

accuracy having only a 13.8% error rate.
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Then, the paper suggested that it is still possiblémprove the recognition accuracy to an
acceptable and usable level by adding more featwtesh were not included in the feature
vector. Accordingly, four features are added: trextical height (will help to distinguish
characters likeé and,), thespace featurd a new way of handling inter-word spaces by which
space features will be calculated only for invisistrokes), hat stroke (to handle the misleading
situation of putting dotes and crosses once thedwomritten like ini andt) and sub-stroke
features(strokes are further divided to sub-strokes to fipooate information within a bigger
neighborhood of the sample). After adding theseufes, the error rate is reduced by 34% and it

becomes 9.1%. Table 3.2 summarizes the improveaitanteach features is added.

Table 3.2: Improvement of accuracy by adding feattes.

Feature added Feature Previous Current Error-reduction
vector size error rate (%) error rate (%) percentage
Vertical height 7 13.8 13.6 Not significant
Space feature 8 13.6 11.3 significant
Hat stroke 9 11.3 10.7 significant
Sub-stroke features10 10.7 9.1 significant

In general Table 3.3 presents some of the seleetsht results from literature of Latin online
handwriting recognition systems. Most of the resgiten in this subsection are based on online
handwritten word recognition as present study mu$ed to this area only. Also, these results
cannot be compared as most of these systems aszl tasd trained with different words

databases, writers’ databases and recognition mi&tho
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Table 3.3: Selected recognition results from literture of Latin online
handwriting recognition systems.

Author(s) Method Data set Recognition rate
Schenkel et al. (1993)HMMs and neural| Writer independent 89%(character) and
[51] networks system 80%(word)
Chan and Yeungstructural methods (0-9) digits, (A-Z)| 98.60%, 98.49%,
(1999) [52] characters, (a-2)97.44% and 97.40%
characters and combined
set.
Jaegeret al. (2001)| multi state timeg 5000, 20000 and 5000®6%, 93.4% and
[53] gg![sv):)rks neura English word dictionaries. 91.2%
Fitzgerald et al.|fuzzy logic unipen database witl94.28%
(2004) [54] writer independen
system.
Garain and ChaudhariHMMs Mathematical 99.05% (symbols) and
(2003) [55] expressions. 98.47% (structures)

3.4 Chinese online handwriting recognition systems

Chinese characters are used in daily communicabgrever one quarter of world’s population,
mainly in Asia. There are mainly three charactés:seaditional Chinese characters, simplified
Chinese characters, and Japanese Kanji. Japanegel@acters have mostly identical shape to
the corresponding traditional Chinese or simplifi€hinese. For some Kanji characters,
nevertheless, the shape is slightly different fiooth the traditional and simplified Chinese. A
Chinese character is an ideograph and is compobedostly straight lines or “poly-line”
strokes. Many characters contain relatively indejgen substructures, called radicals, and some
common radicals are shared by different characténs. property can be utilized in recognition

to largely reduce the size of reference model @damland speed up recognition [56].

The Chinese characters have an average of 81@stiokblock style. According to Fang [57],

the complication structure in Chinese charactertiya$fected by multi stokes of each character.
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The characters may consist of one to thirty or mdistinct strokes due to the variety of
handwriting style. His proposed algorithms sucaglstinite some sub strokes into the proper

and complete stroke to determine a Chinese characte

Another attractive part of Chinese languages is resheach Chinese word has its own
characteristic and uniqueness in forming anotheammgful compound word by combining
related words with its neighboring character. Fwstances, a combination word with its new
meaning derived from two Chinese characters. Inn€de sentences, there is no explicit
separator and spaces between Chinese words tat@dis boundaries. Each word is written
continuously with equal spaces between them.

In this section, we discuss preprocessing, featuteaction and classifications, which are the

most common phase used in online handwriting reitiogrof Chinese.

Preprocessing phaseChinese handwritten can be written in variandestimke thickness and
pattern depends on the writer’'s writing pressurstgie of handwriting. This disparity of style,
stroke width, increases the variances between rdiffe samples of handwritten Chinese
character. Those were the features considered dBarehes to distinguish the writer of the
handwriting. Thus, the best processing approacime€inese character is to normalize all
character into a uniform size of pixels, binarizedm or remove the background noise of the

handwritten in order to smooth the progress ofidwedwriting recognition.

The author in [58] note that “Any potential redocti in handwriting individuality is
compensated for by a gain in recognition perforrean&8]. They applied three common
normalization techniques, namely slant correlatwidth normalization and vertical scaling to
their handwriting recognition system through Hiddéarkov Model (HMM) .Their experiment
shows that if the combination of three normalizagior slant correlation alone were omitted,
then the word recognition rate drop. And regardthis issues, many other researches attempts
to solve Chinese handwritten problem by undergoinany studies on pre-processing methods
for handwritten recognition purpose including shapemalization and stroke extraction], which

were commonly implemented along with recognitionstegn based on unsupervised
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classification, Atrtificial Intelligence and Neur&letwork approaches. The importance of Pre

processing technique is well described by Bind.468].

Feature extraction Many researchers have been well studied and foounding the best

feature extraction methods to enhance the effeutis® of handwritten recognition task .As they
acknowledged, feature extraction methods cannatpipdied directly to any text. For instances,
feature extraction methods for text dependent systeould be done in a lower level considering

character, sub-character or at word level.

In [60], the authors’ implemented moment basedufeaextraction approaches on training

phases to produce feature vectors. The featureseat@acted during testing phase for

classification. The results showed that momentdésature computation are faster than texture
based methods. This advantage significantly driedbe classifier accuracy over 97%. Another
feature extraction technique based on moment foimdias been successfully carried out. The
authors have conducted experiment with various svoegresentation to show the effectiveness
of the proposed moment function. The result sudalgsllustrated that the proposed method is

capable to extract the feature’s shape with thelagbn on similarity measurements in terms of
Mean Absolute Error (MAE) function.

Classification: Classification techniques can be group into twmponents which are classifier
known as supervised classification and the othes @ clustering, namely unsupervised
classification. Detail descriptions on supervised ansupervised data classification can be read
in paper written by [61]. The authors inspect vasi@pproaches that best suit on clustering and
classification data. Numerical experimental is iegfrrout with k-Nearest Neighbor, Clustering
Connectionist techniques, Evolutionary Approachegpport Vector Machines and etc. The
result shows that non-smooth optimization approaelst for clustering problem. As for
classification, it is based on non-smooth and dlopéimization approaches. It is proven that not
all approaches can best fit for all data clasdificatechniques.
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3.5 Ethiopic online handwriting recognition systems

As far as we know, there was no work has been darenline handwriting word recognition f
Ambharic language, in thisection, the work done on online handwriting chismacecognitior

[2,10,11,8] for Amharic languages are discus

Yaregal A. and Josef B., [2], haproposed online handwriting recognition systemHtrtiopic
script based on the structural and syntal analysis of the strokes forming charac. They
considerspatiotemporal relationships of primiti-shaped strokes whose combination fo
complex structures of characters. The sequencesiroftive strokes and their relationships

the unknown charder symbols are matched against a knowledge basedognitior

Structural and syntactic techniques are applieshddel the spat-temporal relationships of tt

primitive strokes. The structural and syntactic eloeshcodes the orientation, structirelative

spatial position, and relative length of primitisgokes, to reduce the impact of their absc

size on recognition. It means that the recognisigstem does not depend on the size of clter

symbols. For further detail on how the struct and syntactic model encodes the primitrefer

[2].

As the researchers mentioned the proposed recogrstistem does not need training bec:

the knowledge base stores possibly occurring segseaf primitives and connectors for e:

handwritten chaacter. The system also does not require size naiah as they encode or

the relative length of primitives. Therefore, tleewognition system is reasonably -insensitive
and writerindependent. The recognition rate varies due tocthraplexity o Characters. An
average recognition rate of 96% was achieved fopk-shaped characters and their derivati

However, the recognition drops down to an averdgg2éo for complex characters with sm

size primitives like/T % ,7371 and their derivative

Abinet [10] has proposed a strategy to alleviate tlodlpm of or-line handwriting recognitio
for Ethiopic basic characters. She mainly consid¢ne structural relationships between stro
formation of an efficient structure to store theaidable stroks, and their order to for

characters in order to avoid the inefficiency othhanemory and speed. In addition she
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designed and implemented an algorithm for variceprocessing activities such as extra pen-up
noise elimination, size normalization, filteringpdaresampling. In her research she has used

Structural approach.

The design and development of the recognition engirher research is as follows:

Data collection - Online handwriting data collection is the prinateps and it is accomplished
by digitizer software named MovAlyzer using the rmeuas an input device. This software
collects pen down and pen up data points alongéiie of the mouse. A stroke is the sequence
of data points between a pen down and a pen ugs, The character can be defined as group of
strokes in the order they appear while the charasterhere the stroke in the area separated by
set of pen up points which are sampled by MovAlyzhile the user lift up the mouse to draw
another stroke. This data is presented to the retiog engine where part of it is utilized for

training and the rest for testing purpose.

Preprocessing - the preprocessing module in which different ppogessing activities are
performed that help in the reduction of data articéon of variations. The preprocessing step
plays a significant role to improve the recognitiaecuracy by avoiding inter-character
variations that is the variation that occurs betwddferent occurrences of the same character.
This stage includes: extra point noise eliminatsine normalization, filtering, and re-sampling

sub modules.

Feature extraction - The feature extraction module takes the pregssed data to represent
each stroke in terms of X and Y observation codguseces. Then, the set of strokes in a
character represented in terms of X and Y obsematode sequences are stored in a text file in

which their order is maintained.

Training: - Observation code sequences, which are extracted the training data by the
feature extraction component of the system, aréniat to the trainer. The algorithm collects X
and Y observation code sequences of strokes iragcter from the sample data and creates a
reference file. The major content of this filehe tcollected X and Y observation code sequences

from the sampled data. Classification is accomplishy using three-layered recognizer module.

40



The first layer is the coarse classification layewhich inter-strokes distances are used to match
characters. In the second layer, detailed matclingerformed by using detailed observation
code sequences. The last layer, namely the supeosing layer , uses a mechanism of
comparing two characters by superimposing one athan and finding inter-point distance to
measure the matching.

Evaluation :- As it has been mentioned by the researchengrezing a character based on
stroke number and stroke order dependent apprdable, system is writer-independent it would
widen the search space and eventually reduce ticeepty of the system, however, the system
she has applied in this research was writer-deperslstem therefore, the problem mentioned
above was minimal. Using the techniques and methkiggstsissed she achieved an accuracy of
99.4%.

Daniel [11] is another researcher who has doneimmtandwriting recognition for Amharic
language characters. He has proposed a writerémdiegmt on-line handwriting recognition
system. To accomplish his work he has implementedpreprocessing tasks namely extra pen-
up point elimination and size normalization. Anddiso applied a classification algorithm that
handles stroke number variation and the differenceimber of sampled points exhibited due to

writer speed and shape variation.

The researcher argues that depending on the smokeber to recognize a character is
inappropriate approach to recognize a charactesiusecif in case the number of strokes used
during training is different from number of strokdsring recognition the character won'’t be
recognized correctly. Therefore, he tries to ad&vithis problem by proposing a DTW matching
algorithm so that it is possible to include the 4#basic characters, Ethiopic numerals,
labialization characters, and additional charadien® Tigrigna and other languages as DTW is
not a character set dependent system. Howevegsddne a test only on the first order Ethiopic

characters. He achieved 71.9% overall accuracyagedor the shortest distance recognition.

The research conducted by Yonas H. [8] on onlimeliviting recognition for Ethiopic scripts is
a different input method where he developed a sfiaglEthiopic script method that the users

have to be trained for the simplified script rattiean the machine is trained for the handwriting
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of the users unlike the two studies discussed abideelaims that OHWRS used with simplified
forms of natural script have a great market sucbgsmentioning a system like Graffiti and he
said that this is because of the reduction of cemipf of the character set for recognition. Then
he designed a simplified Ethiopic scripts for thdV@R of Ethiopic characters. As stated in the
paper, the methods followed to develop the inpstesy is a User Driven Model (UDM), which
forces users to learn and adapt to some predefiaedwriting standard and use it to enter data.
The simplified Ethiopic script as designed by YohkBa$8] is shown in Table 3.4.

Table 3.4: Ethiopic simplified characters designedy [8].
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After the simplified script is designed, then OHVElgstem is developed based on the scripts.
The proposed recognition engine use structuraufeabf the input character to represent the
input and the model patterns. Structural featuselected because of the fact that the simplified
script characters’ formation is fully known and rth@re specific rules by which the characters
are formed from the primitives. The recognition ieeguses a sequence of direction primitives
that represent the sub-strokes of constituent strakich form the character by itself or
combined with other strokes. Since the simplifiedpt is developed by specifying a rule of
writing the stroke, using the geometric featuresmisst appropriate. Template matching
technique is applied to implement the classifiedaie of the recognition system. Templates of
simplified Ethiopic characters are stored and usednatch input patterns relative to the

templates.

An experiment was conducted to assess the desigmegnition engine. On the first trial the
researcher, achieved an average accuracy rate@%®8nd on the second trial he achieved an
average accuracy rate of 93.17%. In general, heexsth an overall average accuracy rate of
90.19%. And the character group evaluation resal$ wbout 97.01% for Ge’ez while other

group characters recognized with unevenly distatwdrror rates from the first to the next trial.

All the above discussed works are done on onlimelWwating character recognition. Researchers

used, in their work, preprocessing, feature exwactind classification processes as these
processes are required for character recognitioenBf the above papers are on handwriting

recognition, they only focused on characters. Moeeo except [2,8] the others are done

particularly on basic characters and in [8] evenah-basic characters are included some most
frequently characters are ignored and the systaits@asmore of constrained. Since characters are
the basis of any language, the above works pravsgéul information that will help to our work

specially [2]. All of them are summarized in TaBl&.
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Table 3.5: Summary of Ethiopic OHWRS.

Author Character set Writer | Classification | Accuracy | Dataset size
model | approach (%)

Yaregal A.| 265 @ll the commonly WI Structural 96 204 writers

and Josef Bjused characters in matching

[2] Ambharic)

Abent 34 “Basic” characters | WD Structural/temp®9.4 2 writers

shimeles[10 ] ate matching

Daniel 34 “pbasic” Wi DTW 72 30 writers

Negussie[11] | Characters

Yonas hailul 70 sample characters| WI Template 90.91 25 writers

[8] matching

Based on the survey carried out in this chaptercare conclude that there is no commercial
products and work done for Ethiopic in order toogpuze the online handwritten words written
in this script. This has also been noticed thatdize of database, reported in literature, for
implementing chain code sequence method is gepevally large and one should devise a
method that uses smaller space and also resutisbietter accuracy. A related feature of
literature on this topic is that of use of statigli techniques in online handwritten word
recognition. We have not come across any literatehieh deals with the statistical aspects of
handwritten word recognition in Ethiopic script. éllstatistical techniques should also be

explored for the recognition of online handwrit®®mharic words.

3.6 Performances evaluation

The best achieved performance for word recogndiahe 2009 competition was obtained by the
MDLSTM system, with 93.4% on sdt (about 8500 names, collected in Tunisia, sintdathe
training data), and 82% on sstabout 1500 names collected in UAE).
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The MDLSTM system is developed by Alex Graves fradmechische Universitat Munchen,
Munchen, Germany. This multilingual handwriting @gaition system is based on a hierarchy of
multidimensional recurrent neural networks [62]. chin accept either on-line or off-line
handwriting data, and in both cases works diremtiyhe raw input without any preprocessing or
feature extraction. It uses the multidimensionahdt&hort-Term Memory network architecture,
an extension of Long Short-Term Memory to data wittore than one spatio-temporal
dimension. The basic structure of the system, dioly the hidden layer architecture and the
hierarchical sub sampling method is described 2. [6

The second best system obtained about 89.9% aifiélo/ér the two sets mentioned above. The
system is called Ai2A.The A2iA Arab-Reader systeraswsubmitted by Fares Menasri and
Christopher Kermorvant (A2iA SA, France), Anne-tawBianne (A2iA SA and Telecom

ParisTech, France), and Laurence Likforman-Suleele@m Paris-Tech, France). This system
is a combination of two different word recognizelo®th based on HMM. The first one is a

Hybrid HMM/NN with grapheme segmentation: for maméormation visit: [63].

It is mainly based on the standard A2iA word redpgn for Latin script, with several

adaptations for Arabic script. The second one Gaassian mixture HMM based on HTK, with
sliding windows (no explicit pre-segmentation). Themputation of features was greatly
inspired by Al-Hajj works on geometric features famabic recognition [64]. The results of the

two previous word recognition systems are combBsueéds to compute the final answer.
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Chapter Four

THE PROPOSED SYSTEM

This chapter discusses the proposed system fomgmé@m of online handwritten Amharic

words. An Amharic word is a combination of one asrenAmharic characters. As discussed in
Chapter 2, an Amharic character is a combinatioonaf or more strokes. Therefore, an Amharic
word is a combination of one or more strokes. Ashswe have to implement the process

extracting these strokes.

4.1 Overview of Amharic words

There are variations on the structure of Amharicdsan Ethiopic writing from user to user even

if they have the same meanings. This variatiorearfsom characters which represent the same
sound but different shapes. Groups of base chasaapresenting the same sound are described
in Table 4.1. Therefore, Amharic words containihg sound of such characters and/or their

derivatives can be written in several ways. Sonmargies of Amharic words which have the

same meaning but different shapes are given indFlg.

Table 4.1: Groups of base character and their dewuatives having the same
sound.

Base Orders

sound 1 2d 3 4" 50 6" 7"
(a) (u) (i) (a) (e) ) (0)

H v > 1 Y % v v

ch dv ch h du ch ch
g “r L b “b 1 <
T i T R T h T

S w w vy, ¥ v, ” ¥
0 (x (L q 0 [ (
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0 o % % % ()] I4

AT ang-tu- KON
w

W st Nk 002
W

Figure 4.1: some examples of Amharic words havindie same meaning but different
shapes.

4.2 Recognition method

As discussed ithapter 3, one possible approach to word recognisdie segment the given
input word into a sequence of characters and teeognize each individual character using one
of the methods described in Chapter 3. It turns batvever, that the extraction of isolated
characters from a word is extremely difficult withdknowing the word’s identity. If the identity
of the word were known, its segmentation into imdiinal characters would be feasible. But to
know the word’s identity, we need to segment istfirTo overcome this dilemma, different
approaches to word recognition have been propdsesl; all try to cope, in the one or the other
way, with the segmentation problem. The holistictod and HMM based recognition

(segmentation-free approach), is used in this work.
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4.3Feature design

In word recognition we know the stroke with the phedf the feature. Therefore, the
complete/sufficient feature selection from the pded input is the necessary point. Elegant
feature selection can greatly decrease the workdmadsimplify the subsequent design process

of the classifier.

Features should contain information required taimgsiish between the classes, be sensitive to
irrelevant variability of the input, and also bemiied to permit efficient computation of
discriminate functions and to limit the amount mafining data required [65]. It is guaranteed that
quality feature selection affects the classificatiate. It is easy for classifier to recognize the
symbol if it has feature with sufficient distinghiag characteristics. In this work, feature vectors
are computed from the structural features, i.enpine strokes and their spatial relationships,
which are extracted in sequential order based ein $ipatial arrangements. Primitive strokes are
formed from vertical and diagonal lines and enchisoof horizontal lines, whereas connectors
are defined as horizontal lines between two priredti Primitive strokes for handwritten words
are hierarchically classified based on their oagaot/structure type, relative length within the
word, and relative spatial position. A descriptioihsimilar features is exposed in [66] where
they were first used for multifont and size-resitig¢ecognition of machine-printed Ethiopic
characters. For the purpose of computation, eaassification level is assigned numbers as

labels ranging from 6 to 9. The hierarchy of clésation is described as follows:

I Orientation/structure type: There are three groups of orientations for prrait
strokes namely, forward slash (9), vertical (8)d &ackslash (7). Appendages (6) do
not fit to a specific orientation. Rather, they aeeognized by their structure type in
the case of machine printed text, e.g&iwhere there are three appendages placed at
the end of horizontal lines. However, in handwnttext, appendages are usually not
marked well and we denote them as horizontal lwbksen they are not appearing

between primitive strokes (horizontal lines tha aot connectors).
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ii. Relative length The orientation of primitives is further clasedi based on their
relative length as long (9), medium (8), and ski@)t Long is defined as a primitive
that runs from the top to the bottom of the wordheve as short is a primitive that
touches neither the top nor the bottom of the whtddium refers to a primitive that
touches either the top or the bottom (but not bothlthe word. Due to their small size,
appendages are always considered as short.

ii. Relative spatial position: At this level of classification hierarchy, primiés are
further classified according to their spatial piesitwithin the word as top (9), top-to-
bottom (8), bottom (7), and middle (6). Short ptimgs can only have a relative
spatial position of middle. Top-to-bottom positiapplies to long primitives which run
from the top to the bottom of the word. Primitivegh medium relative size can have
either top or bottom spatial position. Appendages/ rappear at the top, middle, or

bottom of the word.

The above classification scheme results in 15 tygfeprimitive strokes, which are used to
represent all the 435 Ethiopic characters. Tal?esdmmarizes lists of these primitive strokes
and their numerical codes. Note that horizontadiare classified as connectors between two
primitive strokes, and only their endpoints aressified as appendages which are shown as dots

in the primitive strokes column.

49



Table4.2: Hierarchical classification of primitive strokes as presented in[66].

Orientation/ Numerical
Structure Length Position Code
Long(9) Top-to-bottom (8) 89 8
Top (9) 889
Vertical (8) Medium (8) | Bottom (7) 887
Short (7) Middle (6) 876
Long (9) Top-to-bottom (8) 9 9 8
Top (9) 989
Forward slash (9)| Medium (8) | Bottom (7) 987
Short (7) Middle (6) 976
Long (9) Top-to-bottom(8)] 798
Backslash (7) Top (9) 789
Medium(8) | Bottom (7) 787
Short (7) Middle (6) 776
Top (9) 679
Appendage (6) | Short(7) Middle (6) 676
Bottom (7) 677

As aforementioned, there exist horizontal strokestivese are evidences of connections between
two primitives. The way two primitives are connetti® each other with horizontal lines is
referred to as spatial relationship. A primitivendae connected to another at one or more of the
following regions: top (1), middle (2), and bottdB). A connection between two primitives is
represented by xy where x and y are numbers raptiegeconnection regions for the left and
right primitives, respectively. Between two prings, there can also be two or three
connections, and a total of 18 spatial relatiorshaige identified as shown in Table 4. 3. The first
connection found as one goes from top to bottowoahected primitives is defined as principal
connection. There are a total of nine principalrawtions where only three of them (11, 12 and

21) allow additional connections which are termg@@pplementary connections.
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A spatial relationship between two primitives idided to have six feature values where a value
of zero is padded at the beginning for those whagaber of connections are two or less. For
example, the feature value of a spatial relatigmshithe type 311§ will be {0, 0, 0, 0, 3, 1}. The
sequential order of primitive strokes A and B igresented as AB if A is spatially located at the
left or top of B. Each primitive is connected ta#rer one to the left except the first primitive in
each character, in which case it does not haveoaeyto be connected to the left. In such cases,
all the six feature values for such spatial refattop will be all zeros. The detail description on

this section is given in [66].

Table 4.3: Connection types between primitives [66]

Principal Number of supplementary connections

Connection One Two
None 22 22
23 32 33 32 33
n P q 0 H A
11 11 1123 1132 1133 112232 112233
'n =
12 12 1232
l_l
13 13
h & H b
21 21 2123 2132 2133
H
22 22
23 23
[
31 31
IZI
32 32
L
33 33
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4.4 Architecture of the recognition system

The design of the online handwriting recognitiorgiee for Amharic words developed in this
work is shown below (Fig. 4.2). The collection aput handwritten stroke, stroke extraction,
preprocessing, computation of features and redognére the phases of established procedure
of handwriting recognition system. The sequentraleo of these phases in online handwritten
Ambharic word recognition is illustrated in Fig. 4.2Zhese phases are discussed in following

subsections. The process to recognize online hattemvAmharic words is shown in Fig. 4.3.

DATA COLLECTION »| STROKE EXTRACTION
A 4
PREPROCESSING
Repetition removal
Resampling
\ 4
FEATURE EXTRACTION
v
RECOGNITION
Recognition <«
results HMM recognizer Primitive encoding

Figure 4.2: Phases in online handwritten Amharic wad recognition.
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Start

v

Input Handwritten word

A

A

Stroke identification

Extraction

Extract strokes

needed?

No

Preprocessing and computation of

features of stroke(s) <

A

Feature coding and store it in list

Yes

No

Rearrangement of strokes in the list

\ 4
Create HMM model and rank the word
from the training set.

\ 4

Recognize the word

v
EXit

Figure 4.3: Flow chart of online handwritten Amharic word recognition process.
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4.4.1 Collection of input handwritten stroke

In word recognition, stroke is collected througm peovements that are generated from pen and
DigiMemo being used in the handwriting process. SEhpen movements are stored in a list
having each node as a recorded point. A point sgmts and coordinates of view port. In
Ambharic, each word is a group of two or more stsoés illustrated in Fig. 4.4 for word¢. A
stroke is a list that includes recorded pointsextan sequential order such that lines joining
these points represent the stroke. Start and erdstfoke depend on Pen_Down and Pen_Up
function of the input device in use. PenMove funietis followed by Pen_Down function and
ends up with PenUp function. The collected stro&esps through the decision process of stroke
extraction. If extraction is required, it goes taraction phase, otherwise, a stroke is sent to

preprocessing phase.

—— o] T aholel T2 shoked T stoled P stoked atrclon 2 aroke T

x i

J j’f ) -‘5&

' i
~ N

 amlal

Figure 4.4: Word “7¢” (haya) written in seven strokes.
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4.4.2 Stroke Extraction

It has been noted that a good number of the striblegsappear in online handwriting are large in
size. In most instances these strokes consistseobomore strokes. Stroke extraction is required
to extract large strokes into sub strokes so th#alsde recognition of sub strokes can be
performed. We have implemented a point based diira@rocedure that extracts the large
strokes into sub strokes on the basis of averagebeu of points. We have developed an
algorithm that considers the direction, distanced angel of the strokes to identify unique

strokes. It is observed that the strokes with nunob@oints above are written with combination

of more than one stroke or in very few cases strokdtten with very slow speed. However, the

algorithm simply identifies the strokes since; digorithm does not depend on the number of
points.

The algorithm to extract input handwritten strok®oi sub-stroke (if needed) is given in

Algorithm 4.1.

Algorithm 4.1
a: angel range of strokes
si: i stroke.
Dx: the variations in x data points
Dy: the variations in y data points

1. Create an empty list | for storing strokes
Set t=number of strokes in the word data j=1,i=1dda1
Let v represents points having dy>dx and h represpaints having dx>dy.
Repeat step4-13 for all strokes in the word data
Calculate m as total number of points in the cutrgnoke k.
If(m>=4) then

If(pi,pi+1,pi+2,pi+3 have same a or have sameor have same h¥ points pi,
i=1,2,.....m-3

Form last stroke si with points from jrito

N o o bk~ b

© ©

Else
Until (pi, pi+1, pi+2, pi+3 havet a or v or h)
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Increment i by 3
Form stroke si with points from j to lastiqt (pi) .
10. Update the list I.
11, J=i
12. Endif
13. Until(pi=pm)
14.End if
15.Increment k by 1.
16.Goto step 4
17.Exit

In Algorithm 4.1, need of stroke extraction is disd in step 7 on the basis of comparison of
direction and structures of points in input handken stroke. The extracted strokes are formed in
sequential order of input handwritten stroke poifitse formation of extracted strokes has been
given from steps 9 to 13. One can note in stegs1Btthat original sequential order of points of
input handwritten stroke has not been changed.fdll@ving example explains the working of
Algorithm 4.1.

Let us consider that input handwritten word whias liotal number of seven strokes. It will
result into ten extracted strokéhe Fig. 4.5 shows an input handwritten word srtilat needs
to be extracted to address each unique stroke.Fidhe4.6 illustrates the extracted strokes of
input handwritten word stroke shown in Fig. 4.5eTtew stroke(s) obtained after extraction are

sent to preprocessing phase.
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This three strokes are need to be extracted

Figure 4.5: Handwritten stroke input for the word “ v-F” which is written in seven strokes from

this three of the strokesneed to be extracte.

Stroke Extraction

:

R N

Figure 4.6: Input handwritten strokes shown in Fig. 5.5 after pining points and formation

of extracted strokes.
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4.4.3 Preprocessing

Preprocessing and computation of features are moeetb to the stroke(s) obtained after
collecting input handwritten stroke and stroke aation, if required is also performed. Data,
directly collected from users are often incompladésy and inconsistent, which are needed to be
pre-processed before applying to the system inrdodeeceive the correct classification. All the
ways (techniques) to refine the data suitable falyzing are included under the pre-processing
technigue. The preprocessing techniques appliedrisystems are discussed below.

Repetition Removal

The digitizer is so sensitive because it detecesyeslight movement of the pen, even when the
tip is not quite touching the digitizer but is owbe plane. This will cause the co-occurrence of
coordinates at a point. Further, very slow handmgitvill generate repetition of coordinates at

the same position, usually at the dominant poifds ifistance, corners). These unnecessary
points are to be removed by any means for bettdonpeance of the system such as, retrieving
quality image of the symbol and enhancing the spmereducing the length of the symbol etc.

repetition removal is accomplished by implementaigprithm 4.2.

Algorithm 4.2
1. Read x, y data point from file
. PreviousX<€x
. PreviousY€y
. Do

2

3

4

5. Getx, y of next data point
6. if (x =PreviousX and y = PreviousY)
7 do nothing

8. else

9 Write X, y to afile

10. PreviousX€x

11. Previousy<y

12. Until (end of file is reached)
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Resampling
Relatively, the handwriting word data is to somé&aknormalized and reduced by the previous
steps. But, the connection between two primitive aot visible in some writing styles. To

overcome such problem, we develop algorithm 4.3.
Algorithm 4.3

1. Si: " stroke

2. S: distances between two consecutive primitivekego
3. Seti=1

4. do

5. If( s and $.;are primitives and s=0)

6 Form connection

7 Else

8. Increment i by 1.

9 End if

10. Until(end of strokes)

The algorithm reads two consecutive strokes andoctes the distance between two consecutive

strokes if the strokes are primitive and make cohae between the two primitive strokes. The

algorithm result is illustrated in fig 4.7 and 4.8.
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Figure 4.7: The word before resampling (the chara@r “A” needs resampling).

% f»,- \E
S /I .g/

Figure 4.8: The word after applying the resamplingalgorithm.

After resampling, the word have significant conm@ttbetween the primitive strokes (creates a
connection with in stroke 5 and stroke 7). But befeesampling as you can see in fig 4.7 the
primitive strokes (stroke 5 and stroke 6) does mate visible connection. This makes the

resampling step very useful in noise eliminatiod egcognition.
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4.4.4 Computation of features

There is no doubt that computing features is a veortant processing step in every online
recognition system. However, neither a standarchatefor computing features nor a widely
accepted feature set currently exists. In this psed recognition system, feature computation
takes the normalized sequence of captured coosedin@t(t), y (t)) as input and computes a

sequence of features along this trajectory, wisdheén directly put into the recognizer.

Features of words are extracted based on the tadlgrimitive strokes and connectors. Noting
that strokes in words produce two edges (left aghit edges for vertical strokes, and top and
bottom edges for horizontal strokes), the angl@isdriminates the two edge types. The primitive
knowledge of the word is the standard strokes ¢giral representation).Since large number of
symbols (primitives) is used to complete a word;nynatandard strokes/line segments are
defined as the basic components of the word. Tilgjcstrokes as the directional arrows are of
eight types, coded from 6-9. This can be expreaseshow in fig 4.9,

el
X[

Figure 4.9: The directional features.

Accordingly, we have considered these eight dioastiwith angle as given in Table 4.4. One can
note that each direction has a range of 45 degrees.
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Table 4.4: Direction names and their scope.

Direction name | code Direction scope
D1 9 22.50 < direction of line segment <= 67.50
D2 8 67.50 < direction of line segment <= 112.50
D3 7 112.50 < direction of line segment <= 157.50
D4 6 157.50 < direction of line segment <= 202.50
D5 9 202.50 < direction of line segment <= 247.50
D6 8 247.50 < direction of line segment <= 292.50
D7 7 292.50 < direction of line segment <= 337.50
D8 6 direction of line segment >337.50 OR
direction of line segment <=22.50

As directional arrows provide only the directiofehture of the strokes/line segments, it would
carry more information if they are classified fiethand assigned with feature values using their
direction, relative length, and spatial positioty. lBapping the word primitive boundaries on the
combined directional image, as shown in Fig. 4stfokes are identified for each of a given

word. Fig. 4.10b illustrates extracted strokes fieomord.
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s

e
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Figure 4.10: Feature extraction process; (a) handvitten text, (b) extracted strokes result,
(c) orders of extracted strokes, and (d) extractetkatures

The word feature stores possibly occurring sequeradeprimitive strokes and their spatial
relationships for each word in the dataset. Eadmifiwve stroke appearing in a word is
represented by a feature vector of nine digits lnthv the first six are for the spatial relationghip
and the last three are for the primitive strokessfaown in fig 4.10d). Thus, a single sample of a
word is represented by sequences of feature vestuese each vector has nine digit values. The
word feature is a collection of such sequencesafufre vectors generated by various sample
words. A word can have many sample features siartéte word feature list reflecting variations
of writing styles and slants. This helps to trdwe system with slanted words as well, and as a
result it does not require slant correction in pineprocessing stage. Fig. 4.11 illustrates differen
handwritten symbols for the word-A-+”".

Fh3 U‘A?‘ LFA Y L= s AT
VR
000000898 (" oooo00sos ) { oooooosos | oooooosos | 000000808 )
000033889 000033898 000033887 000033898 000033889
000000676 000000676 000000676 000000676 000000676
000000898 000000987 000000987 000000898 000000987
000021887 000000798 000000798 000031887 000012798
000000789 000000889 000000889 000000889 000000889
000000887 000031887 000031887 000031887 000031887
000000676 000000676 000000676 —| 000000676 | 000000676
N L NG 2N %

Figure 4.11: Different handwritten samples for theword (* v-a”).

After generating sample features for the input wane updated information is stored into a file

which will be given to HMM model input for the pentilar word that is considered to be trained.

Up to this stage the feature extraction methodolisggxactly same for both the operation of

training and recognition. The only difference iatthtraining mechanism uses a certain number
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of samples for modeling a particular word that sedifor estimating model parameters in HTK

Toolkit but recognition mechanism create model dahthe particular word to be recognized.
So at this stage we can create HMM model for thedwaeA+”. The number of states of a word

corresponds to the total number of primitive steoke the word. The HMM topology of the

word which has eight primitive strokes (as showfign4.10D) is shown in Fig. 4.12.

a o9

Figure 4.12: HMM model for the word “v-At".
Where g= transition state probability

b= observation probability
These models clearly prove the description of th&ture extraction methodology described
above. We can see from these models that the ségdheord U-A+” has 8 states without the
start and end state that is common to each moaeV. tNe HMM model components (hnumber of
states and calculated feature values) for the segaevord constructed in this stage is ready to
be given as HTK Toolkit input for initializing theEMM model or performing the recognition
task.

4.4.5 Training and recognition

Hidden Markov Model Toolkit (HTK) is a software téd for building and manipulating Hidden
Markov Models [83]. It consists of a set of toofsldibrary modules which facilitate the training
and testing of HMMs. Though HTK was originally déymed for the purpose of speech
recognition at the Machine Intelligence Laboratofythe Cambridge University Engineering
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Department (CUED), it has been widely used in aapilons such as speech synthesis,
handwriting recognition etc. Full details aboutkdd@nd its tools are provided in [83] and details
about the design and philosophy of HTK can be foanén overview of the HTK tools used in
this paper is shown in flow chart for training anetognition in Figure 4.13 that clearly
visualizes the actual procedure of training anegedion and can be best understood by going

through the following steps:

A

A

Handwritten word Handwritten word
A4

‘ .
Pre-processing Pre-processing

A\ 4 A\ 4
Feature extraction Feature extraction
HMM model HMM model creation
initialization
Model training Recognize model
Master model file Master label file

\ 4 A 4

End End

Figure 4.13: Flow chart of training and recognition

The four main basic use of HTK are data preparatwodel training, pattern recognitions and
model analysis. The data preparation part of HTKosneeded for handwriting recognitions but
distinguishing between the handwritten data anédpés necessary. As mentioned before many
of the tools are specific to working with speechtbgsis data for which the tool-kits were

designed for, some of the tools provided are génemaugh to be used for any kind of
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recognition systems which use feature vectors poesent data. This section gives an overall
process flow of the construction of a recognizeHIFK and introduces the tools that were used
as part of this system, how they function and vwthay were used for. And also how data are

prepared for handwriting recognition will be expled.

Data preparation

The first stage of any recogniser development is gaeparation. Before construction of the
recognition system can begin, certain resourcesl nieebe created which can be used to
configure the way that the classifier operatesstiithe relevant features must be extracted from
the handwriting data itself and the feature vectansverted into binary format which HTK can
work with. Once the files have been converted atwled, they need to be separated into
mutually exclusive training and a test sets. Thimécomplished in HTK by creating a list of
every file and its directory location which is te bsed for training purposes and a separate file
which contains the testing file list. Another imfaont file which needs to be prepared is the
HMM list; this is a list of all the model names whiwere used throughout the various stages of

building the system.

In order to build HMMs, first we will define a wondetwork of word-to-word transition using
HTK’s Standard Lattice Format (SLF). HTK also pmre$ a grammar definition format, and an
associated HParse tool, that can be used to buddwvord network automatically. We write the

grammar definition for our application as follows:

$WORD=WO0000|W0001|W0002|W0003|W0004|W0005|WO006[¥¥PA0200 ;( <$WORD>)

Here in the grammar the model name of the wordwlilhbe trained is specified a§#### This
is the convention for writing model name in our lggdion and the same convention is used
everywhere in this application. We now create aesblist of the word or sequence of word to be

trained, and save that in a file called dictionty The dictionary file syntax is given below:
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W0000 [WO0000] hW0000
W0001 [W0001] hw0001
W0002 [W0002] hWw0002
W0003 [W0003] hw0003
W0004 [W0004] hw0004
W0005 [WO0005] hw0005
W0006 [WO0006] hw0006
W0007 [WO0007] hw0007
W0008 [WO0008] hw0008
W0009 [WO0009] hw0009
W0010 [W0010] hw0010

For each line, the initial string specifies the puittranscription against the model name, the
second string in brackets specifies the stringutput, and the final string specifies the model.
Now we will use the tool HSGen to generate the mtsnfor test sentences. Note that the data

preparation stage is required only for recognipanpose.

Model training

In this phase, the first task is to define a pnrgietfor the HMM model to be trained, which
includes the model topology, and transition andpoutdistribution parameters. The initial
definitions of the models are called prototypes arsgparate prototype is required for each word
that is to be trained. This task will of course elegh on the number of states and the extracted
feature of each word. In our application, 200 prytes were used to model the 22 numbers (0O-
10, 20, 30........ 1000000) and 178 Amharic words. Treegtype HMM definition of the word
model ‘v-A+” is given in Fig 4.14.
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~h "pWO0002"

<BeginHMM>

<VecSize> 9 <USER>
<NumStates> 12

<State> 2

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 3

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 4

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 5

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 6

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 7

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 8

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
<State> 9

<Mean> 9
0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0
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<State>10

<Mean>9

0.00.00.00.00.00.00.00.00.0
<Variance> 9
1.01.01.01.01.01.01.01.01.0

<State> 11

<Mean> 9

0.00.00.00.00.00.00.00.00.0
<Variance> 9

1.01.01.01.01.01.01.01.0

<TransP> 12
0.00.40.30.20.10.00.00.00.00.00.00.0
0.00.00.40.30.20.10.00.00.00.00.00.0
0.00.00.00.40.30.20.10.00.00.00.00.0
0.00.00.00.00.40.30.20.10.00.00.00.0
0.00.00.00.00.00.40.30.20.10.00.00.0
0.00.00.00.00.00.00.40.30.20.10.00.0
0.00.00.00.00.00.00.00.40.30.20.10.0
0.00.00.00.00.00.00.00.00.40.30.20.12
0.00.00.00.00.00.00.00.00.00.40.30.3
0.00.00.00.00.00.00.00.00.00.00.50.5
0.00.00.00.00.00.00.00.00.00.00.01.0
0.00.00.00.00.00.00.00.00.00.00.00.0
<EndHMM>

Figure 4.14: HMM prototype model definition for the word “ v-a+”.

From the model definition above (fig 4.14), thesfifine, delimited by ~h is, the model name
which in this case is pW0002. <VecSize> definessike of the feature vector being used which
in this case is 9 (six for connectors and threepfanitive strokes), <USER> refers to the data

being in a special format specified by the ser

Below the header data is the HMM definition itsélitst defined is the number of states which
the model has. Words which are made up of mulsiekes or longer strokes require HMMs
with a higher number of states to ensure that teay be modeled accurately; the example

' HTK was designed to be used for speech synthesis and recognition so most of the standard speech
data formats are automatically supported and can be defined here, however, because this thesis was
using handwritten word data, the format is not supported and has to be defined as <USER> which tells
HTK that it is non standard format.
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prototype shown in fig 4.14 has only 12 statesl(idiog the start and termination states). Below
this is the definition of the first state 2 of tH&MM, state 2 which starts with the Gaussian mean
and variance. This is an initial prototype base ehothe Gaussian means and variances are
initialized to 0.0 and 1.0 respectively and will heratively re-estimated during the training

process.

At the end of the definition we see the transiwabability matrix denoted by the tag <TransP>
where the dimension of the matrix is 12 by 12. Thistrix contains the structural information
regarding allowable transitions Aij at each timepstAs can be seen from the example, the only
allowable transitions are to remain in the samtesiato move to the immediate next state.

Once prototype models have been created and theusaresources and configuration files
required by HTK have been prepared, training ofrtielels can begin. As HMMs are pattern
generators, the observation sequences containdahwite training set can be thought of as
outputs from an HMM which models that particularrdi0As a result the means and variances of
each model can be estimated by averaging all tbrgeassociated with each state across all the
training samples. Transition probabilities can dsocalculated by counting the number of time
slots that each of the states was occupied. Althabig will not provide optimal parameters for
recognition, they are a reasonable starting panttfaining to begin. The HTK tool used to
complete this process is called Hinit and was usedonfigure the prototypes for the word

recognizer. The entire process of initializationigualized in Fig 4.15.

Training

Corpus

HmmOo/
Initialized hmm

Proto/
prototype

HMM name

Figure 4.15: Initialization process of an HMM model

70



After the initialization process is completed th&M model is written into master model file

(.mmf file) that contains all the trained modelsi asused in recognition.

Pattern recognition

Once a full set of trained HMMs have been creatied,HVite tool in HTK is used to test the
performance of the classifier. HVite takes a selabtled observation sequences called the test
set, and attempts to produce transcripts of thengubke Viterbi Algorithm. The output of HVite
can be compared to the label files which incluoe dltual transcripts of the handwritten data

and the accuracy of the models can be determined.

To perform this task using HTK we have to invoke tecognition tool HVite, which is a general
purpose Viterbi word recognizer. HVite uses the dvoetwork describing the allowable word
sequence built from the task grammar, the dictipriaat defines each character or word, the
entire list of HMMs and the master model file(.mfi) where the description of each HMM
model is written. HVite recognizes an HMM modelmatching it against a network of models,
and then writes out the transcription for the regpgd model into a Master Label File with .mlf

extension. The entire process of recognition igaligzed in Fig 4.16.

After the recognition process is completed the rodene is read from the Master Label File
(.mmf) and the associated word code for the reamghimodel is written to the output file. An

example of Master Labeled File is given below:

#IMLF!#
"htk_1.rec"
0 110000 WO0000 -186.808167

"htk_2.rec"
0 110000 WO0000 -26.940020
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HMMS
(.mmf)

|

[0)

Transcription

User Files > HVite (mif)

Figure 4.16: Recognition process of HMM model.

4.4.6 Required HTK commands

A. HParse

The HTK recogniser actually requires a word netwiorlbe defined using a low level notation
called HTK Standard Lattice Format (SLF) in whictle word instance and each word-to-word
transition is listed explicitly. This word netwodan be created automatically from the grammar
definition file above using the HParse tool;, HViteen uses the lattice file for pattern
recognition.

HParse is invoked as following:
HParse [options] syntaxFile latFile

For example: HParse -A -D -T 1 grammar.txt wordreekas|f
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B. HSGen

When designing task grammars, it is useful to He abcheck that the language defined by the
final word network is as foresee. One simple waycheck this is to use the network as a
generator by randomly traversing it and outputting name of each word node encountered.

HTK provides a tool called HSGen for doing this.

This program will read in a word network definitionstandard HTK lattice format representing
a Regular Gramma6 and randomly generate sentences from the langué@g of G. The

sentences are written to standard output, onernger |

HSGen is invoked as following:
HSGen [options] wdnet dictfile
For example: HSGen -A -D -n 10 -s wordnetwork. sttidnary.txt

C. Hinit

Hinit is used to provide initial estimates for tharameters of a single HMM using a set of
observation sequences. It works by repeatedly ugitegbi alignment to segment the training

observations and then recomputing the parametepsdijng the vectors in each segment.

Hinit normally takes as input a prototype HMM ddéfion which defines the required HMM

topology i.e. it has the form of the required HMMcept that means, variances and mixture
weights are ignored. The transition matrix of tmetptype specifies both the allowed transitions
and their initial probabilities. Transitions whielie assigned zero probability will remain zero
and hence denote non-allowed transitions. Hinitreges transition probabilities by counting the

number of times each state is visited during tignaient process.

Hinit is invoked as following:

Hinit [options] hmm trainFiles...
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For example: HIht -A -D -m 1 -0 "hw0010" "pWOOlGnm" -S
C:\HTK\numberautol\TrainingData\CurrWordHTKScr.txt"

D. HVite

HVite is a general-purpose Viterbi word recognigewill match a speech file against a network
of HMMs and output a transcription for each. Whernf@rming N-best recognition a word level
lattice containing multiple hypotheses can als@imeluced. It takes as input a dictionary which
describes how each subject can be classified,cyng@n network which is generated using the
HPARSE tool, the HMM definitions produced by HIwitiring the training phase and finally a
list of words (feature vectors) for testing purposeecognizes a model by matching it against a
network of models, and writes out the transcriptdrthe recognized model into a master label

file.

HVite is invoked as following:

HVite [options] dictFile hmmList testFiles ...

For Example: HVite -A -D -T 1 -H "C:\HTK\numberautd-iles\MasterModelFile.mmf"
- "MasterLabelFile.mlf" -W "C:\HTK\numberauto1l\lE$\WordNetwork.slf"
"C:\HTK\numberautol\Files\Dictionary.txt" "C:\HTKwmberautol\FilesS\HMMList.txt"
-S "htkRecScript.txt"
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Chapter Five
EXPERIMENT

5.1 Introduction

The availability of large amounts of data for tiagn and robust testing is a fundamental
prerequisite for building a handwriting recognitiepstem. Furthermore, with more and more
recognition methods becoming available, the comsparand benchmarking of these methods is
becoming increasingly important. Consequently, #uguisition of standard databases has
become an issue of great concern in the handwritesggarch community. Since both the
collection of the data and the preparation of thegd truth, i.e. the ASCII transcription of the
handwritten text, are expensive and time consurtasgs, it is highly desired to reuse existing
databases as much as possible. This also faglitiedirect comparison of different recognition

algorithms [67].

Standards are important for the creation of hartdvgrdatasets, in order to ensure that resources
created can be used by others. In the case ofeohhndwriting recognition, an internationally
accepted UNIPEN format has been set to standattikzéormat in which the trajectories of pen-
tip movements are to be stored [68]. UNIPEN 1] |6 still the de facto standard for encoding
of handwriting data because of its simplicity andegpread use. The format is thought of as a
sequence of pen coordinates, annotated with vaiifosmation, including segmentation and
labeling. The pen trajectory is encoded as a seguehcomponents .PEN_DOWN and .PEN_
UP, containing pen coordinates (e.g. XY or XY Tdasglared in .COORD). The instruction .DT
permits précising the elapsed time between two corapts. The database is divided into one or
several data sets starting with .START SET. Withiset, components are implicitly numbered,

starting from zero.

Since 1993, the UNIPEN project has organized thieaten of online handwritten characters
from several countries [69, 70]. Like Latin, Chiagérabic, Indic etc now have datasets with the
international standard format. However, we haveess=d and found out that no dataset for

online handwritten Amharic words is collected so fim UNIPEN format. Therefore, as a
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benchmark for the study of online Amharic word mgition, we collected dataset in accordance
with the UNIPEN format.

In the following section we explain the data cdiieec and evaluation procedure in detail.

5.2 Data Collection

Online handwriting recognition requires a transdubat captures the writing as it is written.
The most common of these devices is the electitahiet or digitizer. These devices uses a pen
that is digital in nature. Data collection is thestf phase in online handwriting recognition that
collects the sequence of coordinate points of tbheimg pen. A typical pen includes two actions,
namely, PenDown and PenUp. The connected partheopén trace between PenDown and
PenUp is called a stroke. These pen traces arelsdmipconstant rate, therefore these pen traces
are evenly distributed in time and not in spacee Tommon names of electronic tablet or
digitizer are personal digital assistant, cross f@dpen tablet), a tablet PC and ACECAD

Digimemo.

Online handwriting data collection involves the wdaligitizing graphic tablets to describe the
handwriting operation in time series. In this reshathe ACECAD DigiMemo (Figure 5.1) was

used to acquire writing from writers. That is anstalone device with storage capability that
digitally captures and stores everything you watadraw with ink on ordinary paper placed on
the writing pad, without the use of computer andcgd paper. Then you can easily view, edit,
organize and share your handwritten notes in Wirsdowhere is an advantage of using
DigiMemo in that it creates a natural feeling ofitiag on a paper in which native writers are
already used to. It has active surface area ofi2el (®igiMemoA402) with a resolution of 1000

points per inch and record 125 points per second.
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Figure 5.1: The ACECAD DigiMemo.

A4-sized data entry forms as shown in fig 5.2@epared and used to guide subjects in writing.
The form has boxes with the Amharic words to bettemi in the box printed underneath.
Initially, the form needs to be manually alignedtha tablet to ensure that the orientation of the
paper fits perfectly with the active surface of DigiMemo. Electronic ink pen is used by the
subject in order to provide the necessary onlirta daa parallel manner. Correct alignment is
useful in order to eliminate the need to carry gample reorientation in the preprocessing stage
of the analysis.
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A4-077 ANTINT ANl hd-a1
¥ L A ANNET A%-01F ANTTENF
A4aans- 4. AN a7 in 4-A00c7
144077 hren: 4-0Nd 4-4.A01
G YAl AN ALAATT NAISNT
ANNNS hd.AA Na“? s ANNNCT
hé.ANTT naAI4Nn7 ANNL hé.an1
NA“74h ANNNLT ANL.ATT na--eLh
nans- né.an AAFI N nancs
né.a27 na-Hov4ny hand hé.an

Figure 5.2: Sample form to be filled by the writer.
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The devices can digitally capture and store evergtlyou write on the forms with the digital
inking pen as digital ink and store them as digpabes. For each word in the forms, the
dimension and absolute location of its correspogdbox is recorded and also the corresponding
area in the digital page is extracted to be staseds equivalent online data. A correspondence
problem of the digitizer is so sensitive so thtlatects every slight movement of the pen, even
when the tip is not quite touching the digitizert & over the plane. This will cause the co-
occurrence of coordinates at a point. Further, wow handwriting will generate repetition of
coordinates at the same position, usually at theimint points (for instance, corners). These
unnecessary points are to be removed by any mearisefter performance of the system such
as, retrieving quality image of the symbol and ewirgg the speed by reducing the length of the
symbol etc. we also used larger virtual boxes endigital pages to reduce tiling between digital
pages and the forms during the writing processthad no digital ink remains without being
extracted. The extracted words in the digital pagresstored in UNIPEN format. We used the
Open Source Lipi Toolkit to convert digital inks eéich word symbol into a file in the UNIPEN
format [68].

5.3 Dataset Description

The word samples for this dataset were collecta@tyus DigiMemo which has a sampling rate of
125 points per second. The list of words used faa ctollection was generated from a root
words by program which applies thenharic Morphological SynthesizAfgorithm presented in
[69] to identify a minimal set of words. The roobmls used was/7c” of type A, “¢47" of
type B, “o%cH’ of type C were selected. As the writers said [@®se roots have been selected
by domain experts (linguists) based on the reptateaness of their type. The detailed
representativeness of the selected roots is al@mgn the introduction section of chapter three
[69]. With these selected roots, the prototype \@mhthesizer generates a total of 1008 words,
from this we select 178 words that are used praltticn daily communications by the official
language Amharic. Table 5.1 shows sample genevateds for the rootf0c”.
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Table 5.1: Sample generated words from fiic”.

INPUTS

ROOT NAME =sbr
SUFFIX SUBJECT MAKER =2ppc
SUFFIX OBJECT MAKER =

GENERATED WORDS/STEMS

1 AANOCTU-I°

2) | A0éFu-

3 | aane-Tu-
4) | AONTFU-
5 | adne-ru-
6) | TaNéTU-

7) | 0ané-Tu-

8) | anaNsTFuU-

9) | nané-Tu-

10) | haans-Tu-

11) | nAaNETU-

12) | AANANG-TU-9°

13) | ane-Tu-

14) | nATaneTu-

15) | nA-Fané-Tu-

16) | DAGNSG-TU-

17) | hAONE-TFU-

18) | 0N u-

19) | nans-1u-

20) | haané-Tu-

21) | honé-iv-

The majority of the writers who participated irettiata collection activity had Amharic as their
native language. Totally 34 writers belonging tffedtent age groups and regions contributed
their handwriting samples. About two thirds of thgters were male, all the writers were right
handed, the youngest writer was18 years old, amalthest was 29. The writers were financially
not compensated for their time. Sitting down aalalé or a desk for about 60 minutes per data
collection session, the writers were told to colpg words in the provided box. The boxes are

designed uniformly as 35mm-by-15mm.
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Each writer was asked to write six pages of wand&mharic script, with each page containing
approximately 40 words except the first and lagfgsaethat contain 22 and 18 words respectively.
No restriction was imposed on the content or stylevriting (cursive or handprint) apart from
the boxes sizes. The writers consisted of collegeluate students, high school students, and
employees in private companies and businessmegurd=5.3 and 5.4 shows a sample of the

hand written words used in data collection andesthot of extracted texts.

N AFaILy 70 LD ANENT AAnALDS
@

Hoe UETA U4 ¥ AN Y
(b)

Figure 5.3: Sample hand written words (a) standardvords (b) Numerals in word .

| 120101 - Notepad =[]
File Edit Format View Help

Date: 2011-3-30
writingInprofession: can't say

. PEN_DOWN

1108 1417 0

1105 1423 0

1099 1433 0

1090 1446 0

1080 1463 0 E
1068 1485 0

1055 1512 0

1044 1537 0

1034 1554 0

1028 1565 0
1025 1570 0
1022 1570 0
1023 1565 0
1027 1549 0
1034 1524 0
1042 1495 0
1052 1467 0
1064 1439 0
1082 1418 0
1097 1404 0
1109 1395 0
1117 1392 0
1122 1392 0
1126 1393 0
1131 1397 0
1135 1405 0
1138 1413 0
1141 1424 0
1144 1437 0
1145 1453 0
1143 1473 0

1141 1541 0

. PEN_UP

. PEN_DOWN

1100 1432 0

1100 1429 0

1103 1426 0

1106 1422 0

1103 1426 0

1099 1431 0 -

Figure 5.4: Screen shot of text file containing ctdcted data of handwritten word in
Fig. 5.3 G a+7¢2n).
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The dataset contain all the numerals and 178 Amhasrds, thus, a total of 200 Amharic words
are included in the dataset, and 34 writers havécpmted in the data collection task where
each writer writes all the 200 words. Therefore, dataset consists of a total of 6,800 samples of
Ambharic words. The dataset was then split intanteaid test sets. The train set consisted of word
samples written by 20 writers (4,000 samples) &ded¢maining data (2,800 samples) written by
14 writers was used for evaluation. Since the agpgraims at writer-independent recognition,

samples of the same writer were not present in thathrain and the test set.

The dataset used for the experiments is a colleciainconstrained Amharic handwritten words
written by a number of writers representative @ Ethiopia population. Each page consists of
about 40 unique words. The dataset of handwritterth@ic words we developed is collected
from 34 writers. The writers were provided with Aamtt words in six pages and they used pen,
ordinary white papers forms and DigiMemo are predidor writing. Writers were oriented to
write freely without any constraint as they usedHowever, some of them made their writing
even more compact than the usual as they triedrplete a given words on the provided forms
in each page. A total of 204 pages were collectetifeom which we extracted 6,800 distinct
words to build a list of words for training andtieg. Samples of images from the dataset are

shown in Fig. 5.5.

Z4 hay DR A A4 ho

APy i AV ACT Aqg b A S L 0E

Figure 5.5: Samples of word images from the dataset
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5.4 Evaluation

This section includes experimental results caraetifor the recognition of online handwritten

Ambharic words using procedure discussed in chdipter. Our focus is to test whether some
target word can be recognized or not. The HMM hasnbused as recognition method in
recognition phase. In this section, we presentréisalts of these experiments to evaluate the

performance of the recognizer.

Once the development of handwritten Amharic worbgaition engine was complete, the task
of evaluating the recognition engine was undertalkenmentioned previously HTK provides
methods for creating handwritten data classifiéhng, flat start method where prototypes are
initialized to global means and variances and thenparameters are re-estimated from scratch.
We have developed an application in C++ that imgelet® HMM computations as given in
section 4.4. The application developed by us iretudll phases of handwriting recognition. 34

writers have been considered in the experimentatialevelop and test the proposed application.

5.4.1 Evaluation result

The evaluation was done for all words written biytlaé 34 writers. The experiments were done
in three phases. In the first phase, a total of wéBds were picked which are all numerals in
word and word recognition was performed. In thistfexperiment, the first database is separated
into training and test sets: data from 10 peopRd (®ords) is used as the training set and data
from 5 people (110 words) is used as the testAget.also the second database is separated into
training and test sets: data from 20 people (44@dw)as used as the training set and data from
the remaining 14 people (308 words) is used addbeset. Hence, the words were common
across training and test sets, but the writers wéferent. Table 5.2 shows the success rates of

the word model experiments that are carried outgudie set mentioned.

Table 5.2: performance of numeral word recognitionusing the holistic HMM
model.
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No. of writers No. of words Writer independent | Correct
15 22 Yes 91%
34 22 Yes 90.9%

In the second phase of the experiments, five pagelsveach of them contains 40 standard
Amharic words except the last one that contain dldywords written by 34 different writers
were picked and all the words in them were subgetterecognition using the same model with

the previous one. Table 5.3 show the result ofatbid recognition using varying word size.

Table 5.3: The result the word recognition in standrd word.

No. of writers No. of words Writer independent | Correct
15 178 Yes 77.52%
34 178 Yes 73.93%

We have also used HMM as recognition method togeiee both the numerals and standard
words of Amharic in the third phase of the expeniseln this experiment, all set of 200 words
were used. These 200 Amharic words include numerradsstandard words. Table 5.4 contains
the overall recognition of words by these 34 wstérhe overall recognition rate achieved for all
writers and all words is 79.54%.

Table 5.4: The performance of the recognizer for dlwords.

No. of writers No. of words Writer independent | Correct
15 200 Yes 80.99%
34 200 Yes 79.54%

5.4.2 Discussion

In our approach the recognizer performance is atioim of the number of trained words.

Usually the recognizer does not give any transompas output if the HMM model for the word
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to be recognized not likely to the trained modélthe system. In some cases the recognizer give
wrong output when the HMM model to be recognizet trained previously and there exists a
similar type model in the system. In such case HTiput a transcription to which the model is
most likely that means when the score of the medekeds the threshold value. So we can say
that the recognizer produce maximum performancenwthe system is trained with a large
training corpus.

The recognition rate varies due to the complexitywords. An average recognition rate of

79.54% was achieved for valid entry words H> £ éwh ? /J] f]"r?‘ , L ht , 27 F‘l ;L )

etc. Comparable result was also achieved for otlietisey are neatly and properly written.

However, The recognition drops down to an avera®868% for words with small size

primitives and less or extra number of primitivée ' 4+ , 7+ c= 11F | etc. For a

few set of words, writers also write similar shapesulting in confusion even for human beings,

unless the words appear in a text to be recognizedextually. For examp "% ,I'rj ,

hegim , Ml AK L 0F 7'5"’(]] j;} .etc were collected in the dataset
as word symbols fonat, 72, hoih:, haeich, aaeicnt, andnd-art respectively.

Additional recognition errors can arise from vasgosources. The major part of such errors

occurred during extraction of primitives and cortoex Writers usually repeat lines, e.g. ('

T ]1‘, y R hﬁ'), and if they fail to pass through the origihiag, it will come out as two
separate primitives putting a setback in the retmgnprocess, which is also a challenge for

other writing systems. The extra lines from “pentagen-down” drawn by some writers, e.g. (
TH?'F') also pose a similar problem during extractionpafnitives and connectors. Besides,

unconnected primitives, as irm\fIr ), are other sounfesrrors. It is even more ambiguous
when there is another similar word to be easilychassified; other errors arise from the pen-tilt
during the writing process. If strokes of a worce awritten with different pen-tilts on a
DigiMemo device or its likes, they may not be captuexactly as they appear on the paper. For

example, connected strokes on the paper may beredms unconnected on the digital page.
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Chapter six
CONCLUSION AND FUTURE WORKS

6.1 Conclusion

Several years ago, people who used computers twakdnted the notion that they would have
to adapt to their style of input to something cobepdriendly, whether in typing, or filling out
forms with letters neatly boxed. But now, computer®se sole input method is handwriting are
doing well, and computers are taking on tasks d@hoaght beyond their abilities. Handwriting

recognition is, without doubt, changing the waymeaelate to computers.

The handwriting recognition has been studied forarthan four decades. The work done by
researchers in this area is praiseworthy. Mosh@fxork has been done for English language but
recent literature show that researchers have asthigood results for other languages such as
Chinese, Arabic, Devanagiri , Bangla and etc. iifan goal of this thesis was to develop an
online handwritten Amharic word recognition systdrhis goal has been met well as developed
system is a writer independent system and recogrmnéne Amharic handwriting. This thesis

proposes algorithms in various phases of onlinelWwaitten word recognition system.

All methods for handwritten character, word or see recognition need to be trained. As a rule
of thumb, the larger the training set, the betteghe recognition performance of the system. This
empirical finding has been confirmed in a numbeexjeriments [70, 71, and 72]. Accordingly,
we collect online Amharic words and prepared in BEIN data format. It is available for future
experiments in UNIPEN format. However, the acdiasi of training data is a tedious and
expensive process with clear limitations. Therefdtgure evaluation results on the online
Amharic word portion of the UNIPEN data can be megiully compared with the results
obtained in this thesis.

In this thesis, we presentétMM-basedonline handwriting recognition system and dataset f
Amharic words. The dataset can be used as a bernkhoratesting and comparing online

recognition systems for Ethiopic word®ur proposed method generates sample features of
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training words from a handwritten datasets. Théufedlist stores a variety of sample features for
each word reflecting different real-world writingykes. The advantage of this is that it is
possible to produce real-world sample word featfwesvord, which is turned out to be writer-
independent recognition system. Since we are engoitie relative size of primitive strokes,
recognition system does not require size normatimatlThe recognition result can be further
improved by working more on extraction of structifemtures and employing language models
to HMMs.

Based on the experiment conducted our word redognisystem has shown an overall

recognition accuracy of 79.54%.

6.2 Future works

The main objective of this thesis has been met. Wélé developed online handwritten Amharic
word recognizer is writer independent and acceptsomstrained handwriting. The results

achieved in present study motivate to extend thegmt work with HMM as recognition method.

There is always scope of increase in recognitioe wath increase in database when HMM has
been used as a recognition method. Thus, we sutigefillowing works in for future study:

» Literature reveals that the recognition rates aemegally higher when recognition
systems are writer dependent in nature or accepst@ned handwriting. There are
possibilities to achieve higher recognition ratied would have conducted experiments
using writer dependent system or constrained hatidgir

» By adding features representing more informatiachsas character space and sub-stroke
features, can potentially improve the performarfdda® online handwriting recognition.

» This work can be extended for other local langgageich use Ethiopic alphabet.

» Extend this work to phrase and sentence level re@tog system.
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