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Preface

The increasingly pervasive spread of mobile digitlvices such as mobile
smartphones or digital tablets that use digitalsplerought about the emergence of a new
class of documents; online handwritten documente fapid increase in the number of
online handwritten documents using such mobile a=vileads to mounting pressure on
finding innovative solutions towards faster prooegs indexing and retrieval of these
documents from databases. One such method to adtifesssue could be to extract writer
information derived from the raw ink signal for sxdng and retrieval of the documents.
Hence, online writer identification is a topic ofunoh renewed interest today because of its
importance in applications such as writer adaptatimuting of documents and forensic

document analysis.

This thesis proposes an automatic text-independeitér identification framework
that integrates an industrial handwriting recogmtisystem, which is used to perform an
automatic segmentation of an online handwrittenudent at the character level. The
proposed method is a text independent method the$ dot place any constraints on the
content written or writing styles of the writers, éxtract writer information at the character
level from online handwritten documents and presemtnovel approach to cluster and
classify the resulting character prototypes fortevridentification. This is a novel approach
because prototypes are trained as characters adiagted Information Retrieval models,

instead of the typical grapheme approach.

Subsequently, a fuzzy c-means approach is adoptestimate statistical distributions
of character prototypes on different letters of atyghabet. Character prototypes allow for a

more intuitive prototype model compared to usingpiieme prototypes which are often part



of a character and are not meaningful by themsedgeprototypes. Furthermore, character
prototypes allow for more robust and consistentgiypes to be built in the recognition
process. These distributions model the unique hatidw styles of the writers. The proposed

system attained an accuracy of 99.2% when retriéroea a database of 120 French writers.

In addition, the framework can be extended to amgliages that use an alphabet
writing system such as Latin, Greek or Cyrillic ledipet systems. In order to handle this, the
framework is modified to examine the character qixgies at a deeper level. We hypothesize
that the alphabet knowledge inherent in such chargmototypes can provide additional
writer information pertaining to their styles ofitimg and their identities. This thesis utilizes
the character prototype approach previously meatdo establish evidence that knowledge
of the alphabet offer additional clues which hatpthe writer identification process. An
Alphabet Information Coefficient is consequentlyraduced to better exploit such alphabet
knowledge for writer identification. Our experimentshowed an increase of writer
identification accuracy from 66.0% to 87.0% on aabtlase of 200 reference writers on a
Reuters-21578 dataset of English writers when d&ehknowledge was used. Experiments
related to the reduction in dimensionality of thetev identification system are also reported.
Our results show that the discriminative power iffedent letters of the alphabet can be used
to reduce the complexity while maintaining the saeeel of performance for the writer

identification system.
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1. Introduction



1.1 Motivation

Technology has become an integral part of moddestiiles where our lives are
becoming intertwined with technology itself. Theoptlon of mobile computing devices are
seeing higher take-up rates as smart-phones atsadlich as ipads begin to integrate tightly
with various facets of our everyday lives. Smartipds are no longer confined to just being
used as simple portable communication devices,tliey are also being used to access,
manipulate and handle a whole spectra of applieatid-or example, smart-phones and
tablets are increasingly being used as directiodeiis or Global Positioning Satellites (GPS)
devices. Furthermore, with the penetration of 4@voek as well as the assimilation of
Augmented Reality (AR) technology into applicatianh localized services, one can expect
more applications with seamless and natural interadetween the user and their mobile
devices when being used to find directions. Thisaahyic shift in how such devices are being
used demand a fundamental shift in mindset in hegraiinteract with technology in a more
natural and interactive manner, as well as how esach devices are being designed, stored

and accessed.

With such advancement of technology by leaps anmds, the last decade has seen a
major and dramatic shift in paradigms towards tk@ge of more natural and simplified ways
of interacting with computers. Mobile tablets alltle tech-savvy businessman to optimize
his time and plan for corporate meetings, make n@ss presentations and sale pitches,
communicate and send emails on his mobile devidekwn the move, all using the same
mobile devices. Businessmen are able to annotaghlight and write sales figures while
they are making sale reports on the move with soachile devices. Even educators are doing
away with thick and heavy textbooks and replaciegching material with these mobile

computing devices such as ipads or other Androskthadevices. Such devices permit

16



handwritten equations to be written into the lessamile teaching mathematics; and even
create annotations and comments to help in theae&pbn of certain concepts that are being
taught. Even though the keyboard has been intratfarea long time, it is nonetheless not a
natural or intuitive way of entering data into carsgss. It is virtually impossible to input a
mathematical equation or sketch using the keybddethce, numerous initiatives have been
funded to research upon and develop more efficagorithms, software and computing
platforms to handle the surge in demand for seadad natural interaction between human
users and machines [Oviatt, Cohen et al. 2000] tartliver interactive environments with

a new level of intelligence.

All these led to the emergence and proliferatiora &iind of document: handwritten
online documents. Online handwritten digital docuteeare defined as those digital
documents that not only provide information obthieafrom offline digital documents, but
also contain dynamic temporal information of thadhariting process [Jain and Namboodiri
2003]. This implies that additional features sastthe velocity, pressure and even latent pen
movements when the pen is up or when the pen isidmm be extracted for indexing in
online digital documents. This additional infornoati that can be extracted from online
handwritten documents is able to provide vital slas to the identities of the writer. They are
produced by state-of-the-art devices such as T&dletmobile communication devices such
as smart-phones with stylus input, mobile tabletshsas ipads with natural user interfaces
like stylus pens or even digital paper coupled vdigital pens. The rapid increase in the
number of such documents requires efficient managemools to properly index and retrieve
them from databases.In this information age, weesxaect an explosion of information and
efficient means of storing and retrieving digitalcdments is no longer a luxury. Mounting
pressure is therefore emphasized on finding inmexatolutions towards faster processing,

indexing and retrieval of digital documents. In erdo alleviate the increasingly heavy
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consumption of resources, indexing techniques emefit storage of digital documents in a

number of ways.

Firstly, even with the growing storage capacity @ntergence of dual or even quad-
processing cores in laptops, tablet PCs, smartgga@and other mobile communication
devices that run at parallel processing speedsettevices are still not optimized to handle
large amounts of data, especially digital documesffiently. In this regard, indexing
techniques can help to further alleviate the resmaonstraints on such devices. There is an
increasing trend of software consuming more systerssurces, especially so for resource-
hungry, memory intensive programs that run demandomputer graphics. Indexing the
digital documents will not only ensure that therage utilization is small, but also ensures
sequential search and retrievals to be computdlyoleas expensive and further optimized to
be more efficient. This frees up system resourcesother more critical multi-threaded
processes. Therefore, battery life will be prolahged power consumption will significantly
decrease, which is currently the main gripe with smasers using these mobile

communication devices today.

Secondly, there is often a need to interface witereal large data repositories to
access and manipulate large amounts of informatior. example, a digital database
containing handwritten documents could easily nuntheusands of documents such as the
one used by [Srihari, Cha et al. 2001]. Indexint] allow the search to be run in a more
efficient manner and reduce the round-trip time¢akes to send the queries to the large
database and the time it successfully retrieveslitiital documents. However, because of the
nature of handwritten documents, traditional indgxiechniques such as using hash tables or
partitioning are not possible. Instead, subjectoentifiers such as writer information can

characterize and interpret the extracted conteatnmeaningful and useful manner. Indexing
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techniques generally adopt some similarity measuferm clusters. Representative clusters
are then used to store the indexes of the docuraedtusing these representative clusters to

access the indexes will be more efficient.

Thirdly, from information security’'s point of viewwriter identification has
ubiquitous applications in digital rights manageinamd forensic analysis. The individuality
of handwriting styles allows handwriting analysisbie considered as a behavioral biometric
trait that can differentiate between different deofMorris 2000; Srihari, Cha et al. 2001;
Srihari, Cha et al. 2002]. Handwriting analysis hiaslitionally been used in the field of
forensic document analysis by forensic expertshim detection and to a large extent, the
deterrence of fraud, identity theft and embezzldnwases. Furthermore, in environments
where large amounts of documents, forms, notesnageting minutes are constantly being
processed and managed, knowing the identity ofwheer would provide an additional
value. The ability to retrieve all the documentsao$pecific user allows to browse Pencast
websites where handwritten digital versions of peas notes are stored exactly as they were
captured. One such application is to process atrieve the identities of students for
subsequent verification purposes. Typically, thedvaitings of students can vary according
to different cultures, occupations, physical atttds and even physiological factors as
discussed by Huber, Headrick and Morris [Huber bie@ddrick 1999; Morris 2000]. This
individuality of handwriting styles allows handwnigj analysis of students taking tests and
examinations to be considered as a behavioral lranteait that can differentiate different
people apart and ascertain their identities dut@sgs and examinations, thus minimizing the

occurrences of fraud or identity thefts.

Last but not least, we can also perform writer-éakégn to create, store or retrieve a

profile of handwriting styles of the writers if ware able to automatically determine their
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identities [Connell and Jain 2002; Chellapilla, &mhet al. 2006]. This way, the performance
of the handwriting recognition system can be vaistigroved since we are able to customize
the recognition system to tailor to the writing fleand style of the writer. One can thus
imagine a virtuous circle where knowing the writiiigntity from the bootstrap recognition

system will help to improve the recognition resalésalready mentioned above.

1.2 Objectives

This research project is therefore highly motivatetuild and improve upon a writer
recognition system. A successful research on tiesis will breach the gap of the current
findings and uncover new techniques for increasivegperformance of online handwriting
recognition systems. These considerations sermgoésating factors for this thesis, “Writing
Style Modelling Based on Grapheme Distributions ppkcation to On-Line Writer

Identification”.

1.3 Major Contributions of the Thesis

1. Character Prototyping Approach

Our methodology proposes a prototyping approadheatharacter. This is the finer
level which still holds a semantic meaning or astea language based origin. Furthermore,
prototypes that are built at the character levieivad for an intuitive graphical inspection of
the prototypes that can be invaluable for helpmgrisic experts to analyze handwriting. In
addition, our character prototyping approach is limited to just the Latin script, but the
approach can be extended to other scripts that msdeof a repeating set of characters for

their writing systems such as the Greek and Cydlphabet systems.
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2. Interoperability Design

This thesis provides a design for a fully automdtemework that integrates an
industrial engine into the writer identificationssgm. The significant benefit from using an
industrial recognition engine lies in being ablgdke full advantage of the level of maturity
and accuracies of the current handwriting recogmititechnology. Going forward,
advancements in handwriting segmentation, classific and recognition techniques will
continue to advance and develop, leading to furbesrefits that can be derived from such
off-the-shelf industrial recognition engines thaancbe integrated into the proposed

framework.

By relying on such an approach, not only the wiidentification task will be possible
but additional functionalities may be permitted yi®rd extraction, document categorization,
automatic summarization are among those tasks whadle advantage of a textual

transcription of a document originally availablesalsandwritten document.

3. Fuzzy C-means Model (FCM)

The traditional document retrieval methodology ising Information Retrieval
models such as Vector Space Model is adapted witlpmposed Fuzzy C-means approach.
The Fuzzy C-means model is consistently used thawigthe framework during clustering,
building of prototypes, and assigning charactertqtypes to give superior performance
compared to the existing Information Retrieval med&arious fuzzy kernels such as the
exponential kernel function, Gaussian kernel fuorctand the inverse kernel function, have

been investigated to determine the effect of sucapproach.
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4. Alphabetic Information

One of the added advantages of working at the ctearprototype level is that we can
make use of alphabetic information in various stagé clustering, classification or
recognition. A proposed coefficient called the Adplkt Information Coefficient provides
additional basis to improve the recognition ratardywriter identification. In addition, using
other alphabetic information such as discriminateteers of the alphabet is also explained to

use as alphabet knowledge to improve the writeygeition rate.

In addition to having defined a general framewaok proposing a solution to the
writer identification problem as explained aboves hhave also more specifically addressed

the following points, by asking the following quiests:

a. Influence of the number of prototypes to define thalifferent writing

styles for a given letter of the alphabet

The underlying question is to define how many vasaare useful to depict the
way people produce the different letters of thehahet. At school, we have
been taught to draw the letters with a referencdehavhich was supposed to
be unique. Actually, this is not the case, morentbae pattern are used for
writing a given letter. However, too few a represgéion of patterns can lead to
inadequate depiction of the letter, yet over-repméstion of patterns poses the
problem of over-fitting. Therefore, the real questiis thus: how many

prototypes are sufficiently enough, at the tradeff performance versus

computing time and complexity?
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b. Influence of the number of letters (alphabet subsgto build the writing

style distribution

Here, the question is to know if all the letterpmort the same amount of
information regarding the writing style? Or, showd focus on some specific
letters? For instance, does a '0' letter whicheig/\basic in its shape with a
simple circle conveys as much information as tttedef' which is a much more

complex pattern?

c. Influence of a hard or a soft prototype selection

Once several prototypes have been defined for septig a given letter, it is
possible either to consider that a single one iectsd has being the
representative of a new instance of this lettethat all of them to a certain

extent model this instance.

d. Influence of the metric used to match two distribtions

Combined with the (term frequencyX (inverse document frequency)
representation of a writing style, three differemgtrics have been investigated.
They are the Euclidean distance, the Kullback-legildivergence and a Chi-

square based distance.

23



e. Influence of the length of the texts

The longer a text is, the better it should be fdraeting evidences of a specific
writing style. We have conducted a sensitivity ge@l of the writer
identification system to illustrate this behaviaddind the limits of the

proposed system.

A concluding remark here is that many other intiangsquestions have not been
investigated in this work. For instance, we havibdeately not considered the pen pressure
as well as all other dynamic information, suchheswriting speed or acceleration which are
definitively important biometric features. The ideas to focus this study on the static
representations of the letters and their identiticacapabilities. There is no doubt that if the
goal would be to build a competitive system, a cioiafion with such additional features

would be beneficial.

1.4 Organization of the Thesis

This thesis is organized as follows:

In Chapter 2, a survey of the existing state-ofdhemethods for writer identification,
with a focus on prototyping methods is presented.cdmparison of their respective
performance for some of the works over the pasadieds also reviewed. In addition, a
survey into the various publicly available datalsasas well as recent trends in writer
identification and their various competitions iretffield of writer identification are also

discussed.
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Following this in Chapter 3, a study of how chageastcan be used to improve the
recognition rate of writer identification is presed. This chapter provides the foundations of
a framework for a writer identification system, andl be the basis of discussion for this
thesis. This will then lead to the next chapter aof investigation of how alphabetic

information can be used in writer identificatiorssams.

Subsequently in Chapter 4, a proposed novel appraacemploying alphabetic
information to be used in writer identification & s is discussed. Various aspects of
alphabet knowledge such as the discriminative pafedifferent letters of the alphabet is
explored in this chapter. Furthermore, a studya ldifferent letters of the alphabet and its
various combinations can be used to improve thegmtion rate of writer identification is
also proposed in this chapter. Finally in Chaptezdhiclusions are drawn and future research

directions are proposed.
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2. Literature Review



2.1 Introduction

With the advent of increasingly portable and mokalelets, there is a growing trend
and a shift in paradigm in using such devices fanous reasons such as in education or
during meetings in presentations. The underlyirtptelogy of handwriting recognition has
however been around for decades. Nonethelessrehenfiresearch into writer identification
still remains very much an active region of intéresthe document research community.
This could be attributed to the ever-increasinghportant applications writer identification
plays. Such applications could be in the area ddrfsics, where an investigation into the
identity of the author behind certain questioneduthoents can give rise to clues in solving
crimes. This is of primarily interest in helpingémsic scientists ascertain the authenticity of

guestioned documents such as suicide notes, iaheeitwills or even historical documents.

2.2 Questioned document examination by human experts

The American Society of Questioned Document Examiif@SQDE) regulates and
outlines standards for questioned document exammaby human forensic experts
[Levinson 2001; Kelly and Lindblom 2006]. Some loé tfeatures that human forensic experts
could make use in handwriting analysis could begibed at the character level. Character-
level traits and characteristics such as entry entistrokes, pen lifts, proportions, heights
and loops are commonly used to determine the atititgrof questioned documents [Morris
2000]. The final conclusion drawn from a human fsie expert in questioned document
examination must then be based on a sufficient murobcommon characteristics between
the known and questioned writing samples, and regua judgmental call by the human
forensic expert in this process of comparison.iliitiwus be helpful to have a semi-automated

recommender system to assist and help these huonansic experts to carefully examine
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and further scrutinize the various characterisfidss would serve as a strong motivation to
explore character-based writer identification apptes. However, the individuality of
handwritten documents must first be establishedrder for such recommender systems to

assist human forensic experts.

2.3 Individuality of handwritten documents

Qualitative studies of handwritings is said to dasefar back to ancient philosophers
such as Aristotle and Confucius. Such graphologicallysis are more often than not very
subjective and lack the scientific rigor, and ttaeg highly biased and heavily influenced by
the subjectivities of the person doing the analyKisvas not until recently that a more
scientifically rigorous treatment to quantify thedividuality of handwritten documents was
made. One of the pioneering works in establishinfpranal quantitative analysis of the
individuality of handwritten documents can be ctedito studies by Srihari et al. [Srihari,
Cha et al. 2001; Srihari, Cha et al. 2002; Srinad Leedham 2003; Srihari, Beal et al. 2005].
Pattern recognition techniques were used to prowvigiective assessments and scientific
validations of the individuality in handwriting. tmeir work, both local and global features
were extracted on a database of 1500 individualsifstd across different genders, age
groups and ethnicities. A nearest neighbour algariend a 3-layered neural network are
then used to train and classify the results fortexridentification and writer verification
respectively. Their results verified the hypothébet individuality exists in handwriting with
a 95% confidence from a statistical inference ef ¢ntire US population [Srihari, Cha et al.

2002].

Such individuality studies allowed expert testinemnfrom skilled document forensic

specialists to be treated with scientific rigor apelcome admissible as court evidences.
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Furthermore, these studies also paved the wayhtodevelopment of numerous automatic
writer identification and verification systems owéis past decade. These studies provided
scientific evidence to prove that the individualdf handwriting styles allows handwriting
analysis to be considered as a behavioural bioétait that can differentiate between
different people [Morris 2000; Srihari, Cha et &001]. Since then, the fundamental
assumption underlying most state-of-the-art writlemtification systems is that writers can
be differentiated based on the uniqueness of thaidwriting styles. The various writer
identification systems then attempt to model thigedint styles of writings of writers by
using a multitude of approaches. The existingditae of writer identification makes use of a
vast array of methods such as the morphologicaloagp [Zois and Anastassopoulos 2000],
HMM-based approach [Schlapbach and Bunke 2004;Ytdq, et al. 2008], transformation-
based approaches [Pitak and Matsuura 2004; FielSafdatnig 2012] and the allograph
prototype approaches [Bensefia, Paquet et al. 2@@Sa-Nogueras and Faundez-Zanuy

2012]. This will be further discussed in section 5.2.

2.4 Writer Identification in different languages

In the past decade, Srihari et al. [Srihari, Chal.e2001] established the individuality
of handwriting through the design of a scientififelagquantitative methodology using pattern
recognition techniques. This laid the foundationfouch of the current forensic principles
when using pattern recognition techniques to ifighindwriting. Research interest in writer
identification techniques since flourished [SungsBeungseok et al. 2005; Namboodiri and
Gupta 2006; Niels, Vuurpijl et al. 2007; Schlaphakchvicki et al. 2008] and many writer
identification techniques were being developed. sEhalevelopments were however,
primarily in documents that contained English hantiwg. Interestingly, writer

identification in other languages started to adearmerhaps stemming from the need to
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develop judicial processes of other languages antmore rigorous and scientific process in
handwriting analysis as well. Writer identificatidechniques began to gain traction in
languages such as French, Greek, Cyrillic, Portsgiu€hinese, Arabic, Farsi, Persian and
even Brazilian [Chan, Yong et al. 2007; He, Yowakt2008; Helli and Moghaddam 2010;
Chaabouni, Boubaker et al. 2011; Hanusiak, Olivetral. 2012]. This propelled strong legal
motivation for forensic authorities to begin comsniming feasibility studies into using
pattern recognition techniques for handwriting gsial and writer identification [Freitas
2008]. The Brazilian Forensic Letter Database aoethPortuguese handwritten documents
written by 315 writers, and contained numerousimgitstyle information such as relative
slant, relationship between letters and baselimstesice indentation, and the use of
whitespaces. The database is very peculiar andctieaistic to Brazilian writers about their
various writing habits such as the innate absehcertain letters ‘k’, ‘w’ and ‘y’ in everyday

nouns because these special foreign letters ayaused for personal names in Brazil.

With an increasing trend in writer identificaticgchniques targeting different specific
languages gaining traction, it then becomes worilevib take a step back to understand and
categorize the different writing systems worldwid#e roots of major languages can be
traced back and grouped into the following mairtinmgi systems: Alphabet-based, Syllabary,
Abjad, Syllabic-Alphabet, Semanto-Phonetic. FigesE illustrates the various languages that
belong to each of the above-mentioned writing systategories. It can thus be seen that a
large portion of Latin-based languages such asigndgFrench, German, Italian, Portuguese
have its roots and writing system based on chasat¢hat define the alphabet set of that

respective language.

As illustrated in Figure 2-1, scripts are definatfedently from languages in that

scripts form a larger subset of writing systemsergls one script system can comprise of
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various languages. Take for example in Figure Biviguages such as Portuguese, English,
French and German share commonalities of simiteerke albeit with different grammer and
diacritics, that belong to the Latin script. Like®j Russian, Slavonic and Serbian languages
share commonalities that belong to the CyrillicigicrBoth the Latin and Cyrillic scripts,
along with the Greek script, make use of the alphalriting system which can always be

represented by certain subset known as characters.

Writing System Scripts Languages
" Welcome _ English, French, German, Malay,

Alphabet Latin & Vietnal:'lese, Sp:anish ’ ’

Greek a B £ 8 w

Cyrillic — Russian, Slavonic, Serbian

y x hio i ’ ’

Traditional Chinese [ %
Semanto- L Simplified Chinese  [5]57
Phonetic
Syllabic- Devnagari » Hindi, Nepali Sanskrit, Sindhi
Alphabet Thai SRk susy

Tarn aETTAES

Syllabary — Kana Japanese

B—mii Gk

A J

Abjad Y Arabic _ Malay (Jawi), Persian/Farsi, Punjabi
NN

Hebrew, Judeo-Arabic, Yiddish

v

Hebrew AR A

Figure 2-1: A description of some writing systemsammonly used [Namboodiri and

Jain 2004; Omniglot 2012].
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% of users worldwide

B Alphabet-based
m Syllabary-based
 Semanto-Phonetic

M Others

Figure 2-2: Graph of percentage of users worldwidesing a particular writing system.

It is interesting to note the proportion of userwdwide that uses a particular writing
system previously discussed. Figure 2-2 [Ethnold®ME2] shows that the highest percentage
of worldwide users, standing at 46%, are makirgyafsalphabet-based writing systems such
as English, French, German, Greek and Cyrillic. meet largest group of users make use of
the Semanto-Phonetic writing systems such as Chinggtnamese, Japanese (Kaniji),
Korean (Hangul), standing at 27%. This is followeldsely by Syllabary-based writing
systems such as Tamil, Devanagari, Thai and Japakasa. This proportion of writing
systems shown in Figure 2-2 gives an indicatiothefrelative importance of alphabet-based
writing systems compared to other writing systears] that is also why there are currently
more studies in the research area of handwritiradyais being conducted on alphabet-based
writing systems. Furthermore, we are also seeingnareasing trend of research in the
domain of document analysis and handwriting redogmibeing conducted in Semanto-

Phonetic writing systems, especially in the Chinaesguage.
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Now that we have appreciated the difference betvaeguages, scripts and writings
systems, let us further discuss on the intricaciesome of the alphabet writing system,
namely Greek and Cyrillic. Figure 2-3 shows a santpndwritten text passage written in
Greek and we can observe that the cursive handwritixt passage is somewhat similar to
that of English text, and can be segmented intaclfaeacter level. Figure 2-4 depicts a closer
examination at the Greek alphabet set, comprisir®#fl @haracters that make up this alphabet
set. This is very similar to the Latin-based watistyles such as English, with one main

difference in that Greek writing style does not malke of diacritics.

) T Matado o vies otePIPe TS ﬂ’[\K@Lé%ag KOM/\E‘T

' ‘ | .
Tlo o &@W%W cov, AEYOVTEs 0T ElNE 4
Mou cdBeyital Yal TUI6TEUEL

Figure 2-3: A sample Greek handwritten text passage

34



small CAPITAL MNames of English pronunciation

letters LETTERS _ letters (phonetic equivalent)
a A alpha aas in for
o B beta b as in boy
Y r gamma g (hard) as in get
5 A delta d as in dog
£ E epsilon e asin get
g 4 zeta z (initial) as in zoo
dz {medial) as in adz
n H eta e as in obey
1] (5] theta th as in think
i I iota i (short) as in pit
i (long) as in machine
K K kappa k as in kite
A A lambda las in lip
B M muy mas in man
v N nu n as in net
s = X X as in box
a 0 omicran o as in not
n I pi pasinpit
p P rho r as in pot
a,gt 3 sigma s as in sell
T T Tau T as in top
U Y upsilon u as in put
i i phi ph as in phone
X X chi ch as in German "ach"
i ¥ psi ps (initial) as in psalms
ps (medial or final) as in lips
"] 0 omega ¢ as in ode

Figure 2-4: Greek alphabet system, the first columrshows the small Greek letters, and
the second column shows the equivalent Greek letternn capital letters [Peter Allen

Miller 2002].

A cursive sample of the Cyrillic writing style if\®wvn in Figure 2-5. A common
feature among these two text passages in FiguraritiFigure 2-5 is that they make use of
the alphabet writing system, and such writing stydan be decomposed into a recurring set
of basic characters in such alphabet writing systé3nch basic characters then build up their
vocabularies and lexicons by combing these seasitlzharacters in various combinations to
form words. Likewise, Figure 2-6 shows a repredeniaof the Cyrillic alphabet set of

characters, along with their diacritics. Certaingaages such as French or Portuguese may
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also contain diacritics to express more meaningldin words formed, even though they are

all derived from Latin roots.

ﬁ@%mrﬁﬂw et o bl g7 %"/W %W & m/ﬂmw
war  thor  Ewtune . Coomabuion, felliit, U (¢ @gfﬂjw
lobon %MW% W S lRE G, WW%W;’& agM/W@
Wm 2T o %%W/

Figure 2-5: A sample Cyrillic handwritten text passage
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Figure 2-6: Cyrillic alphabet system

The Russian Alphabet
Character Sound Vowel Pronunciation
Aa ah * ain car
b6 b b in bit
BB \ v In vine
i g g in go
bl I d dindo
Ee yeh * ye in yet
E e vO * yo in yonder
Ak zh zh in pleasure
33 z Zin zoo
Hn ee * ee in see
M ii y * y in boy
Kk k k in kitten
JIn | lin lamp
M m m m in my
Hu n n in not
Oo 0 K o in hot
I p p in pot
Pp r trilled
i S s In see
T1 t tin tip
Vv 00 x 00 in boot
D ¢} f fin face
X x kh ch in loch
Ll u ts ts in sits
Y ch ch in chip
I1T 1 sh sh in shut
HIRTH shch sh followed by ch
b (hard sign)
bl bt ih * iinill
b s (soft sign)
23 eh * e in met
1O 10 VOO u in duke
S os yah * ya in yard
7.62x54r.net

. Adapted from[Berlitz 1993].

Now that we have established the different writgygtems noted in current literacy

studies, the sections that pursue go on to despabeand current works being done in the

area of online writer identification and verifioati systems for languages that make use of

the alphabet writing system (predominantly Englshd French). Their achievements,

limitations and outstanding issues are given aotingin examination.
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2.5 Writer identification and verification

Much progress has been made in both the fieldsr@&midentification and writer
verification in the last decade. In writer recognit systems, care must be taken to clearly
distinguish writer identification systems from vemtverification systems. Writer verification
performs a one-to-one matching between a test maitel an already enrolled writer, and
attempts to ascertain the authenticity of the tesiter. On the other hand, writer
identification involves executing a one-to-many ohaand returns a ranked list of results for
the search. The difference, though subtle, lidhénapplications in which they can be utilized

in.

Writer recognition systems can typically make usglobal features such as texture,
curvature and slant features [Hochberg, Kelly etl@B7; Busch, Boles et al. 2005; Bulacu
and Schomaker 2007; Hanusiak, Oliveira et al. 2(d2]well as a combination of local
features such as graphemes, allographs and codnemteponents [Schomaker and Bulacu
2004; Pervouchine and Leedham 2007; Srinivasanteketbal. 2007] to identify the writers.
They can be generally classified into approachest titilize text-dependent or text-
independent techniques. Signatures are exampliexteflependent systems since the writers
have to write the exact same text as what they haiteen previously for the system during
the enrolment process. Srihari et al.’s [Srihaha@t al. 2001; Srihari, Cha et al. 2002] works
falls into this category of text-dependent appresciThey proposed the use of two levels of
features; one at the macro level, making use dufea such as the average slant, aspect
ratios and entropies at the paragraph or docureeat.IThe other level functions at the micro
level and makes use of features such as gradignttwal and concavity at the word or
character level. They then used a multi-layer paroe for writer verification and obtained
an accuracy of 98% with this text-dependent apprdhat only required limited amount of

text to be present.
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Our work falls into the latter category of text-emendent techniques where the
writers are not bounded by any specific lines of i@ order for the system to recognize
them. Instead, the system analyzes their handgrgiyles through a series of automated
processes, regardless of what they have writteis Kimd of writer recognition systems
included previous works such as the method propbgdtitak and Matsuura 2004] which
adopted a Fourier transformation approach. Theaetdd features are the velocities of the
barycenter of the pen movements and they are tanefl into the frequency domain using
Fourier transform. The advantage in adopting suniodel is that it is text-independent, but
at the expense of a lower noise tolerance. Theenisst be filtered out as much as possible
in the pre-processing stage, otherwise the noisghtmbe mistaken for high velocity
components once the features are transformed hietdréquency domain. Text-independent
writer recognition systems can also make use ofhststic approaches like the Hidden
Markov Models (HMM) technique presented in the veodt Schlapbach et al. [Schlapbach
and Bunke 2004]. They built one HMM model for eaatiter and extracted nine features at
the line level from a database of 100 writers. dentification rate of 96% was attained based

on 8600 text lines from the 100 writers.
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Table 1: Review of state-of-the-art in writer identfication for the past decade.

Domai
Author Year Approach Accuracy Language n
96.5% on _
[Zois and English
50 writers
Anastassopoulo 2000 Morphological approach Offline
97% on 50
s 2000] Greek
writers
[Said, Tan eta Gabor filters & grayscale c0-95% on 20
2000 English  Offline
2000] occurrence approach writers
[Srihari, Cha e _ 98% on
Text-dependent multi-layer
al. 2001] 2002 1000 English  Offline
perceptron approach
writers
[Pitak anc 98.5% on
2004 Fourier transformation approach Thai Online
Matsuura 2004] 81 writers
[Schlapbacl 96% on
2004 Hidden markov models approach English  Offline
and Bunke 100 writers
95% on 88
, _ French
[Bensefia, Grapheme-based clustering writers
2005 Offline
Paquet et al. approach 86% on
English
2005] 150 writers
[Bulacu anc
Textural and allograph prototype 929% on
Schomaker 2007 _ English  Offline
approach 650 writers
2007]
[Niels, Gootjer Allograph prototype matching 100% on
2008 English  Online
et al. 2008] approach 43 writers
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[Chan, Viar-

Discrete Character prototypes% on 82
Gaudinetal. 2008 _ French  Online
distribution approach writers
2008]
[Garain and 2D Auto-Regression techniquess2.1% on  French
Offline
Paquet 2009] 2009 for writer identification 382 writers  Arabic
[Siddigi and Using redundant patterns
2010 92% on
Vincent 2010] writing with orientation and Arabic  Offline
100 writers
curvature information
[Quang Anh Tf-idf approach in comparing
Visani et al. grapheme-based writer 85% on
2011 French Online
2011] identification to character-based00 writers
writer identification.
[Fiel and Codebook approach using SIFT90.8% on
English  Offline
Sablatnig 2012] 2012 features 650 writers
[Hanusiak
o Texture-based global approach96% on
Oliveiraetal. 2012 Portuguese Offline
using SVM 115 writers
2012]
[Shivram, Modeling of shared writin
89.33% on
Ramaiah etal. 2012 styles wusing a three-level English  Online
43 writers
2012] hierarchical Bayesian model
[Marcelli, .
Modeling of latent processes’7.27% on
Parziale et al. 2012 _ ltalian Offline
behind offline handwritten traces 18 writers
2012]
Continuous Character prototype 99% on
Our approach 2010 French Online

distribution approach 120 writers
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Of paramount importance to this thesis are the agmbres that make use of
graphemes or allographs, which has been gainingllaoty in writer identification. Such
state-of-the-art algorithms and techniques makeafise template matching approach that
assigns handwriting styles to prototype templatbkvare representative of the handwriting
styles [Bensefia, Paquet et al. 2005; Chan, Yongl.eR007; Niels, Vuurpijl et al. 2007;
Niels, Gootjen et al. 2008; Helli and Moghaddam@0The prototypes attempt to model the
writing styles of the writers as close as possibised on features extracted from the online
handwritten documents. Identification of the writethen achieved based on the comparison
of some similarity measures between the extraaatlifes from the reference writers and the

test writer in question.

Bensefia et al. [Bensefia, Paquet et al. 2003; 8#msPaquet et al. 2005] proposed
using a sequential clustering approach at the graphlevel for offline texts to categorize
different writers for their writer identificatiorystem. This approach attained an identification
rate of 86% on an English database of 150 writex @6% on a French database of 88
writers. The advantage of this method is that iesddmot depend on any lexicon and is
therefore language independent. However, workinghat grapheme level requires the
definition of the granularity of the considered gnames. In their work, Bensefia et al. have
selected as the finer level a sub-character ldaetontrast, as will be presented later, our
proposal will be to work systematically at the cwer level. Another work that involves
graphemes is by Bulacu et al. [Bulacu and Schom&K€7]. They have generated a
codebook of graphemes and combined them with featat the texture level to attain an
identification rate of 92% on a data set of 650tevs. Both of these works make use of

information retrieval techniques in their systems.
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More recently, Hanusiak et al. [Hanusiak, Olivestaal. 2012] reported a promising
result of 96% overall accuracy by taking into actotexture-based features, as well as
dissimilarity representation on a dataset of 318eng from the Brazilian Forensic Letter
Database [Freitas 2008]. The work was based onf&a&ure descriptors such as entropy,
homogeneity, dissimilarity, inverse variance anergg, and Hanusiak et al. went on to
further discuss that the feature classifiers thegduhave no conditional dependency on one
another, based on combining their feature classifie the ROC space. However, the main
drawback of this technique is that a full page andwritten text is required to be extracted
into global features, and this amount of informatmight not always be readily available in

real-life scenarios.

Interestingly, another recent trend in the reseanela of writer identification seeks
not to just simply look at different sets of feasiror algorithms in identifying writers, but
attempts to provide an alternative perspective @n tvriter identification processes should
be modeled. Shivram et al. [Shivram, Ramaiah et 28112] approach of modeling
commonalities of writing styles across differentitens to characterize the different writer
profile departs from the traditional works in thhey believe the handwritings of different
writers are unique, but their writing styles camrghcommon traits. Hence, they attempt to
form distributions that describe different writelased on the degree of writer-style
commonalities such as degree of slant and the amofutoop. Shivram et al.’s work
[Shivram, Ramaiah et al. 2012] reported an accudcyp to 89.33% when 30 of such
writer—styles were used in their three-level hielnégal Bayesian structure. Another recent
work that deviates from the norm by Marcelli et[Marcelli, Parziale et al. 2012] attempts to
look at modeling offline handwriting styles throughe latent processes behind how the
various handwriting traces are formed, insteadoking at a set of feature sets that describe

writer profiles based on their handwriting featur&se contribution of their paper lies in
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having a simple model that provides a writer peobly focusing only on the latent processes
that creates the various offline handwritten tracgestead of modeling the handwritten traces
themselves. Marcelli et al. [Marcelli, Parziale &t 2012] reported writer verification
accuracies of up to 77.27%. Interestingly, theynevalidated their results through the
participation of experienced human forensic docuregaminers where only one out of 25 of
these forensic document examiners were able tcecibyrperform a writer verification.
However, it is to be noted that their databaseery \imited, and consists of only a total of 32

documents written by 18 different writers with results to report.

Information retrieval (IR) techniques are gainingpplarity in writer identification.
Among many popular types of IR models such as tizeyf model, Boolean model or the
probabilistic model [Radecki 1983; Chen and Hor884], the vector space model approach
that was first proposed by Salton et al. [Saltomng/et al. 1975] remains to this day one of
the most dominant approaches in IR due to itsivelgt simple, yet effective design. This
vector space model involves two stages; an indepimgse and retrieval phase in a high
dimensionality feature space. The indexing phaselwes representing the set of documents
with a set of occurrence vectors, the term frequditi and inverse document frequency
(idf). The underlying principle of the tf-idf comimation relies on how frequent (or infrequent
for the case of idf) a feature occurs in the doaune represent the relevance of that feature

towards the retrieval of the document.

Consequently, the retrieval phase then comparestftité vector of the query
document with that of the indexed document foriegal of the document. This IR approach
was later adapted for use by Bensefia et al. [Henpdeaquet et al. 2003] in the context of
writer identification. Their contribution was to @p the concepts of tf and idf using

graphemes as their feature set for the problenmridémidentification. They proposed that the
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invariant handwriting styles of writers can be veslvas features that are defined within the
writer's set of allographs. A clustering algorittean then be used to define the groups of
patterns that model the invariant handwriting stydé writers. Subsequently, a tf-idf score
will be calculated based on these prototypic graafpsatterns for the indexing and retrieval
phase. The works by Bensefia et al. laid down thendlations of humerous current writer
identification techniques that adopt the IR apphoadmong recent research in writer
identification using IR techniques lies two notethgrworks by Niels et al. [Niels, Vuurpijl
et al. 2007; Niels, Gootjen et al. 2008] and Chiaal.gChan, Viard-Gaudin et al. 2008] that

yielded promising results.

Niels et al. [Niels, Vuurpijl et al. 2007] used dynic time warping to hierarchically
cluster allographs and build a set of membershigovs, which contains the frequency of
occurrence of each allograph for each characteis pirototypic template of membership
vectors then represented the handwriting stylethefdifferent writers. However, dynamic
time warping approaches are computational expenBiwghermore, it is difficult to cover all
variations in handwriting during the training oketprototypes and dynamic time warping is
highly sensitive to the absence of prototypes. &loee, dynamic time warping will not be
able to give the expected results if a new vanmtio handwriting that was not previously

covered during the training of the prototype werappear [Niels, Vuurpijl et al. 2007].

Another distinctive difference is that the framelwv@roposed in this thesis is fully
automatic whereas the work done by Niels et ailesebn a manual segmentation process.
The work by Chan et al. [Chan, Viard-Gaudin et28l08] handled this issue of previously
missing handwriting variations during prototype lbdung by adopting a statistical approach.
They made use of a character prototype distributbtomodel the specific allographs used by

a given writer and created statistical distribusida@ model the handwriting styles of writers.
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A top-1 accuracy of 95% was achieved based on tdxsindependent approach which
considered 82 reference writers. Even though wgrlahthe character level as opposed to
using the grapheme (sub-character) or word levpkars to be quite challenging, character
based approaches are able to produce a more emisiset of templates for writer

identification provided that recognition and segtaéion are performed accurately.

From the review of the current state-of-the-artcdbgd in this section, the following
conclusions can be derived. Firstly, the text-delean approaches allow high accuracies to
be achieved even from a limited sample of text. E\®v, one serious drawback of this is the
issue of feasibility in implementing this kind ofstems in reality. Writers will have to know
the exact text to write, thus restricting its apahbility to limited real-life situations. Text-
independent approaches, on the other hand, cirauntivis issue by using statistical methods
that extract writer-specific features that are mss#ve to the textual content of the
documents. The drawback is that a minimum amounexif needs to be present for such
methods to be statistically sufficient. Since owogmsed methodology falls into the latter
category, we have conducted a study to determiaertimimum amount of text required,
which is presented in section 4.5. Secondly, ttezdiure review allows us to conclude that
prototype-matching based approaches are gaininglgy in recent years, as they are able
to provide high levels of accuracies. Table 2 plesia brief summary of some of the recent

works in writer identification for the past decade.

Interestingly, we observe a trend of more and nBrbased approaches [Bensefia,
Paquet et al. 2005; Bulacu and Schomaker 2007 sN\&lurpijl et al. 2007; Chan, Viard-
Gaudin et al. 2008] being proposed for writer tffaation in recent years. This gain in
popularity is proof of the potential that such IRaels can achieve for writer identification,

in spite of the simplicity in its design. This upge in popularity can first be credited to early
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Bensefia et al.’s works [Bensefia, Paquet et aD32Gor adapting IR models into writer

identification.

Yasuda et al. [Yasuda, Takahashi et al. 2000] mep@ HMM-based approach that
is invariant to noise and small shape change. Heweliis model is text-dependent. Jain et
al.[Jain and Namboodiri 2003] proposed using Dymranime Warping (DTW) on the stroke
direction, curvature and the height as featuresidoword matching. They were able to
achieve high precision of 92.3% at a recall rat®8@¥. The advantage of this method is that
it is language independent, but at the expense sibwer processing time. Bulacu et al.
[Bulacu and Schomaker 2007] used a two-pronged oagpr for automatic writer
identification and verification. Textual informatiosuch as the slant and curvature were
transformed into probability density functions aalographic information such as the
graphemes were clustered into codebooks. This cwatdrial approach yielded a top-1
accuracy of 87% and a top-10 accuracy of 96%. @hah managed to achieve higher top-1
accuracy of 95% based on a character level progotystribution methodology that is text-
independent. An unresolved issue mentioned in [CWard-Gaudin et al. 2008] mentioned
the applicability of using genetic algorithms toassh for discriminative alphabets most

descriptive of the writer in question.

2.6 Publicly available databases

The current state-of-the-art techniques and systeagliffering standards of test data.
While there are standardized databases availabléh@rpublic domain for the research
community to use such as IRONOFF, IAM, PSI or TREGVmany past works tend to
collect and collate and use their own set of resedata. Caution must therefore be exercised

when comparing among works with differing test dtinds. For example, the work
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presented by Said et al.[Said, Tan et al. 200Qjlres in a correct writer identification rate of
96% based on their data of 40 writers and somelitga$ per writer. Zois et al. [Zois and
Anastassopoulos 2000] however used a database wfitds and 45 samples of the same
word per writer to obtain a correct identificaticate of 92.48%. The largest database is used
by Srihari et al. [Srihari, Cha et al. 2001] wha®00 writers were asked to copy the same
text 3 times. The accuracy of the writer identifica system is influenced by the length of
text in the document. A longer text allows for bettrecognition capabilities, thereby
increasing the accuracy of the identification syst€urrently, there are few attempts to
correlate this relationship between the accuracyth® system using character level

prototyping and the minimum length of text used.

Table 2: Review of publicly-available database fobenchmarking writer identification

algorithms

Name of database| Year Created Reference Language Size of writers

[Viard-Gaudin,
IRONOFF 1999 Lallican et al. French 373 writers

1999]

[Srihari, Cha e
CEDAR 2000 English 1000 writers
al. 2001]

[Marti and
IAM 1999 English 657 writers
Bunke 1999]

[Bensefia.
PSI 2001 Nosary et al. French 88 writers

2001]
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PUCPR 2008 [Freitas 2008] Portuguese 315 writers

SCUT-COUCH- [Jin, Gaoetal. | Simplified .
2009 190 writers

2009 2011] Chinese

[S. Mozaffari
IfN/Farsi Database 2008 and Amirshahi Farsi 600 writers

2008]

Table 2 summarizes the various size of the databadesome of the properties of
these publicly available databases. It is intemgsto point out that in the earlier years; most
of the publicly available databases are basedtherethe English or French language. It is
not until in recent years, that we observe a trehthore publicly available database being
created in other languages such as Arabic, FahsneSe and even Portuguese. There seems
to be a growing trend of the handwriting recogmtammmunity looking towards establishing

a common database for benchmarking purposes in lathguages.

2.7 Competitions

Since 2011, in order to promote research on widentification, a series of
competitions on writer identification have been amged by the handwriting analysis
community in conjunction with the various conferescsuch as ICDAR or ICFHR. 1t is
heartening to know such competitions on writer tdieation are being actively organized by
the document analysis community. The purpose oh sumnpetitions is to document the
state-of-the-art advances in the field of writeentfication, and test and benchmark the

performances of various writer identification sysge on a common set of challenging

49



databases. However, up to know to the best of aowledge all these competitions were

focused on off-line handwriting. None of them hd&een proposed for on-line documents.

What is remarkable about such competitions andvén®us proposed algorithms is
that it provides us with an insight into the cutretate-of-the-art in writer identification
algorithms. For example, the ICDAR 2011 Arabic weritdentification contest that runs on
the Kaggle platform, a commonly used data predictiontest platform, has attracted over
thirty teams working in the field of Arabic writeentification and a total submission of 139

entries [Hassaine, Al-Maadeed et al. 2011].

Table 3: Writer Identification Competitions

Name of competition Year Winning Results Remarks

UCL team achieve

100% accuracy using
ICDAR 2011 Arabic Writer
orientated Basic | Database containeg
Identification Contest [Hassaing, 2011
Image Feature 50 writers
Al-Maadeed et al. 2011]
columns (oBIF)

approach

Tsinghua tean

achieved an overall
ICDAR 2011 Writer
rank of 1 using a grid Database containeg
Identification Contest [Louloudig, 2011
microstructure 26 writers.
Stamatopoulos et al. 2011]
feature (GMSF)

approach.
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UCL team achieve

95.3% accuracy using
Database contained

ICFHR 2012 Arabic Writer oBIF approach.
200 writers. Joint
Identification Contest [Hassaing 2012 Zhang et al. also
place with Zhang et
and Al-Maadeed 2012] obtained 95.3% using

al.
kernel PCA and SVM

to classify.

Tebessa teal
achieved an overall

ICFHR 2012 Writer rank of 1 based on &
Database contained
Identification Contest [Louloudis, 2012 | combination of multi-
100 writers.

[oX

Gatos et al. 2012] scale edge-hinge an
multi-scale run-

length features

As described in Table 3, the winner of the ICDARL2®rabic writer identification
contest is from the University College London, Ukdaheir state-of-the-art system managed
to attain a remarkable average error rate of 0%das the offline handwritten documents
provided from more than 50 writers. Griffin et glrosier and Griffin 2010] used a mainly
global texture analysis approach called the ortedt®asic Image Feature (oBIF) columns,
which extracts and assigns seven features suchrkdide on light, light line on dark, dark
rotational, light rotational, slop, saddle-like fiat. These seven global features are then

passed through a series of six Derivative-of-GaumsgDoG) filters to perform an edge-

used. Finally their classification stage made usa wearest neighbor classifier, which gave

the 100% writer identification rate.
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Interestingly, it is noteworthy to also point obat the writer identification system
with the next highest accuracy for the ICDAR 201faldic writer identification contest
attained an accuracy of only 89.2%, but had tolwveva computationally expensive approach
of using Monte Carlo simulation involving multiptans of the simulated annealing process.
This is in contrast to the simple K- nearest neayhdlassifier used by Griffin et al. which is
very much computationally light, because Griffinagtwere able to suitably choose a set of

good features based on their oBIF approach, aridetth@o their high accuracy of 100%.

More recently in ICFHR 2012 Arabic writer ident#iiton contest which is a follow-
up of ICDAR 2011 Arabic writer identification corste the database previously used in
ICDAR 2011 was extended and enlarged to over 20@nsy which increased the challenge
of the task at hand. Even with a more challengasi,tthis contest saw a close to five-fold
increase in the number of participating teams tae#ns, with a total submission of 582

entries.

Even with the larger dataset available, Griffinagts oBIF approach attained the
highest identification rate of 95.3%, and was t@dop position with another approach by
Zhang et al. Zhang et al.’s approach extracts featat the grapheme level and performs a
kernel Principal Component Analysis (PCA) followley using support vector machines for

classification.

Another interesting point to take note is that thp ten teams with the highest
identification rate all attained an impressive itfggation rate above 90%, and a further
analysis shows that more than three quarters opdhtcipating teams were able to achieve

an accuracy of more than 80%. Even though Arabitemdentification can be said to be in
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its infancy stage, having only gained popularityhe past decade, we are already looking at

decent writer identification rates for commerciation to be done.

As for writer identification contests on the Latmd Greek alphabet systems, the
contest involves two scenarios comprising of altotdawelve experiments (six experiments
in each scenario) that involves English, Frenchin@a® and Greek languages. The overall
winner of this contest is the cumulative winneratiftwelve experiments. In ICDAR 2011
writer identification contest [Louloudis, Stamatopas et al. 2011], the overall winning team
is team Tsinghua where Ding et al. uses a gridostancture feature (GMSF) approach [Xu,
Ding et al. 2011] to calculate a probability distriion of microstructures that model the
writing styles of the writers. The classificatiorasvdone using a Chi-square distance metric.
This approach performs very well across most erpamnis, even with the challenging
cropped images. In the ICFHR 2012 writer identifima contest [Louloudis, Gatos et al.
2012], team Tebessa used a combination of multesrge hinge and multi-scale run length
features to model the different handwriting stydésvriters [Chawki and Labiba 2010]. This
overall winner used a Manhattan distance to chagsié English and Greek handwritten

documents.

2.8 Summary

In recent years, there has been a fervent incieabe amount of research done in the
area of writer identification, as well as an ardentergence of more publicly-available
database and competitions in different languagesprtoamote writer identification, as
described in this chapter. This seems to suggaesbtith the document analysis and forensic

science communities are keen to further exploreareh in writer identification, since there
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still remains much room for improvement in incregsithe performance of online
handwriting recognition systems.

Currently, the state-of-the-art in writer identdton can be broadly divided into
global-based methods such as textural featuresallograph-based methods such as
graphemes, as summarized in Table 1. Unfortunatlgh existing methods are not
immediately intuitive to interpretation by humaasd thus do not instinctively help human
forensic experts in their process of comparisonmAre intuitive representative could
therefore exist at the character description level.

This area is where this thesis hopes to improveidigg writer information at the
character description level. This is because swoidtmation is complementary and collective
information between them offers the ability to irope the performance of online
handwriting systems that is not possible with ott@rventional methodologies, especially in
helping human forensic experts in their handwritiagalysis task. A framework and
understanding of how such character level basedrigess could be used for writer

identification are proposed for the rest of thisdils.
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3.1 General Overview

We begin this chapter by briefly describing a siifrgd example of how our writer
identification system works. Let us take for exaenpbme samples of handwritten words that
are written by two sample writers, writer 1 andteri2, found in the IRONOFF database

[Viard-Gaudin, Lallican et al. 1999], as illustrdte Figure 3-1.

uk 6 §C0y

%}’o’\_cl. Q '&u( d

Writer 1 Writer 2

Figure 3-1: A sample of words from IRONOFF database

Let us examine the three sample French words, t“afffigeront” and “fjord” as
shown in Figure 3-1 in details. As observed, thisrgreat intra-writer stability for both
writers where we can tell that the two writers téachave a dominant style of writing the
letter ‘" and ‘t’, even across different words. &v to the naked eye, one can easily
distinguish between the words written in columnolbe vastly different from the words
written in column 2. We can thus easily imaginet tva can make use of a distribution of
different allographic prototypes of a letter of tiphabet, and then assigning each instance of
the letter to the prototype that most closely rddem the allographic style that is being

written. It will then be possible to calculate atdbution of such allographic prototypes to
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model and profile the handwriting styles of thetens. In order to further explain how this
distribution of allographic prototypes can be usedmodel handwriting styles, another

simplified example is shown in Figure 3-2.

1 2 3 4
Available allographs for
charactefr’ il /L ‘\’_L
: 's
frequency vector 071 0.00 0.00 0.29
Reference of writer 1 ) ) ) )
Documents| frequency vector|
of writer 2 0.10 0.00 0.60 0.30
Test frequency vector]
Document of writer T 0.70 0.20 0.00 0.10

Figure 3-2: Simplified example of the proposed mettdology

Typically, one could expect different writers toveadifferent styles and writing
preferences of writing the letter ‘r'. As an illeastion shown in Figure 3-2, there are four
different prototypes of allographs for ‘r' displaileOne writer might have a preferred
tendency to write the letter ‘r’ using the stylepared by allograph one 71% of the time, and
depending on various intrinsic or extrinsic factgneviously discussed by Huber et al.
[Huber and Headrick 1999; Morris 2000], the samaeawmight write the letter ‘r’ using the
style shown by allograph four 29% of the time. Toould be indicative where his style of
writing represents a strong dominant handwritindesand that there is a tendency for the
writer to use a certain highly skewed distribut@rallographs. Comparing this with another
writer 2 as illustrated in Figure 3-2, writer 2 rnighave another slightly less dominant
handwriting style compared to writer 1, and utiéizlographs one, three and four 10%, 60%
and 30% of the time respectively when writing tedadr ‘r'. A writer identification system

such as the one proposed by this thesis, wouldfibrer be able to profile and store the
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writing styles of both writers 1 and 2, and whenuaknown document with test writer T as
depicted in Figure 3-2, needs to be identified twegain writer in the database, the writer
identification system should be able to compareaaskify the distributions of writing styles

to the most similar writer. In this case, writewith a preference for using allograph one 70%
of the time, would clearly be classified correcily writer 1 because writer T has a dominant

writing style of allograph one and he doesn’t usegeaph three at all, as opposed to writer 2.

Similar to the simplified example explained, th®grsed framework in this thesis
adopts a fuzzy c-means algorithm to create a Mdigian of frequency vectors that
statistically models the handwriting styles of teters. The distribution of handwriting
styles then undergoes classification to identifye tivriter of the documents. Writer
identification is then essentially accomplishedalypatching process between the allographic
prototypes of the writers in question to templatésllographic prototypes of the reference
writers found in the database. The reference dontsyrovided by writer and writerj are
transformed into a frequency vector based on thtilolution of different styles of allographs
for ‘r’. The test document from writdr would undergo the same transformation. Following
this, distances would be computed using the testident’s vector with those stored in the
reference. The top-1 ranked reference writer weldefore be identified as the writer of the

test document.

Having briefly introduced the essential notion afr avriter identification system
works, the following sections that ensure will thaaal with a more in-depth treatment of our
writer identification system. The methodology useah be broadly divided into three stages,
namely the prototype training stage, the referemce test document labeling stage and
finally, the classification stage. A detailed acebaf each of the three stages in the character

prototyping framework is given in section 3.2 belofv description of a Fuzzy C-Means
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(FCM) model is used in the proposed framework t@riome the results of the character
prototyping approach. A sensitivity analysis, falked by the limitations of this system is also

discussed in section 3.4.

3.2 Character Prototyping Model

One of the key originalities of the proposed writgentification framework is the
usage of an approach that performs an automatioesggtion and labeling of the text at the
character level. Handwriting recognition has inerg@cyears, reached a level of maturity
where readily available commercial and industeak recognition engines are able to provide
us with reasonably high recognition accuraciesifiemja 2008]. We envisage that future
research directions in writer identification wilkelkdeveloped based on the foundations of
existing technology in order to fully take advargay the level of maturity and accuracies of
the current handwriting recognition technology. sThilows us to leverage on increasingly
more accurate and efficient state-of-the-art ret@mnengines to improve the performance
of the writer identification systems. Thereforetims thesis, we integrate an industrial text

recognition engine into the writer identificatiamework.

An industrial character segmentation and recogmitengine, “MyScript SDK”
[MyScript 2012], with the proper linguistic resoar@~rench or English in our case) attached
for increased accuracy, has been used for thisogargMyScript is an off-the-shelf product
which was used to integrate into our framework. pheposed framework can be divided
into three stages, namely the prototype buildirgget the reference and test document
labeling stage and finally, the retrieval stage,ilasstrated inFigure 3-3.The following
sections deal with discussions on using prototypewvriter identification, specifically using

characters instead of graphemes as the prototgpesiparative analysis.
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Figure 3-3: Block diagram for proposed methodology

3.2.1 Prototype training stage

During the prototype training stage, prototypes @testered at the character level,
using the IRONOFF database [Viard-Gaudin, Lalliearal. 1999] of 16585 isolated French
words that are written by 373 subjects. The purmdghis stage is to build a set of character
prototypes by using characters in context of woodsiodel the different allographs of the 26
Latin letters of the alphabet (‘a’ to ‘z’). The wstrial text engine automatically segments the

isolated words from the IRONOFF database into a @it 87719 characters, after which the

60



twenty-six respective subsets that have been aataare used to build allographic prototypes
that model the handwriting styles of different wrg. Allographic prototypes at the character
level can exploit three different types of handingt variations to perform writer
identification, specifically (1) morphological vations, illustrated in Figure 3-4a, (2)
directional variations and (3) temporal variatioas, illustrated in Figure 3-4b and Figure
3-4c. We therefore make use of the natural existeicsuch diversities in handwriting to
differentiate between different styles of writingriohg the clustering of our prototypes and in

the subsequent stage of document indexing.

(a) (b) (c)

Figure 3-4: (a) Morphological variation, (b) Directional variation, (c) Temporal

variation

3.2.2 Feature extraction

After the characters are segmented, the segmehtedaters then underwent further
preprocessing where the size of each segmentedatbais normalized and resampled to a
fixed number of 30 points as displayed in Figurg[Guyon, Albrecht et al. 1991; Vuurpijl
and Schomaker 1997]. A process of feature extnacioeach of the resampled points is then
carried out. The features being used are the yamwdordinates (2 features), the directions of

the local tangent expressed by cosine and sineecdingled (2 features), the local curvatures
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@ (2 features) as presented in Figure 3-6 and tharypiPen-up or Pen-down information (1

feature).

nl_

v

a) Raw trajectory (b) Resized and resampled ti@jgevith 30 points

Figure 3-5: Resampling of the segmented charactens a fixed number of points

) X(+1) () X(n),Y(n‘)“ X(n+2),Y(n+2
AT A_Jem
X(n-2),Y(n- L% X2
Curvature

Direction

Figure 3-6: Local direction and curvature features

In online handwriting systems, dynamic featureshsas latent strokes are captured
into the system as well. Latent strokes are defeedtrokes resulting from pen movements
that occur when strokes are being written whilegtytus is in the ‘pen-up’ position, such as

in writing the characters ‘t’ or ‘i". The latentreke is illustrated by the dotted lines in Figure

62



3-7. Latent strokes contain useful information alibe individual writing styles of different

writers.

Figure 3-7: An allograph of ‘t’ with the latent stroke in dotted line
This effectively allows us to work using a featw@ace of dimension: 30 points x7
features = 210. Out of these seven features, fotineofeatures (direction of x-coordinate,
direction of y-coordinate, curvature of x-coordmaind curvature of y-coordinate) can in fact
be derived from the x & y coordinates. The extrdcset of features derived from the

IRONOFF isolated words database are then clustetedepresentative character prototypes,

using the well-established k-means clustering @lgor [Han and Kamber 2006]. Figure 3-8

illustrates some character prototypes of ‘f obégirafter clustering are shown in Figure 3-8.

The dotted lines represent the trajectory wherptheis in the Pen-up position. The k-means

clustering algorithm is performed on an alphabetidyathereby giving us 26 letter of the

alphabet x N prototypes. We have chosen N=10 exyertally, which is discussed in details

in section 3.4.1.

= 2 2
— |
/,/,’l

<@ a
\ d v

Figure 3-8: Examples of character prototypes of ‘fafter clustering
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With this first stage, we have a set of represamatrototypes of all of the lower case
letters of the alphabet. This process can be eagignded to any other symbols, such as
upper case letters, punctuation marks, math symbgsovided that the
segmentation/recognition tool is able to suppoeséhsymbols. We have focused this study
on the lower case letters since they representrib&t common way of writing a textual

document, additional symbols should be not so Bggmit from that point of view.

It is also worth to note that these prototypeshauiét on a dataset strictly independent
with respect to the writer set on which identifioat task takes place. In that sense, the
proposed method is omni-writer. Should we wantdd aew writers in the reference dataset,
this stage is not affected. Another solution woudde been to build the prototypes from the
reference writer documents. In that case, the pnoés would be more accurate but very
specific to these writer set. We expect to coveremly all the possible writing styles using a
large independent dataset. In this experiment, \Biiters from the IRONOFF dataset are

considered.

3.2.3 Document labeling stage

In the document indexing stage, the sets of refereand test documents are
automatically segmented and recognized into cheradty the industrial engine; similar to
what was undertaken in the prototype building stdgere details on the data set used are
given in section 3.3. The main purpose of this xmolg stage is to represent the handwriting
style of each writer with a statistical distributicof term frequencies (tf) and inverse
document frequencies (idf) used in the IR modeiapping the features in the documents to

the set of prototypes built previously during therlier prototype building stage. Further
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details of tf and idf will be covered in the nexcion 3.2.4. This mapping of the segmented
and recognized characters into a statistical Oistion of prototype frequencies is

accomplished by a fuzzy c-means algorithm.

3.2.4 Fuzzy C-means Model

The previous prototype building stage serves tontile common individual
handwriting traits and styles to create individyadototypes at the character level.
Subsequently, the document indexing stage nowzesilithese prototypes to estimate
individual statistical distributions of handwritingfyles for each of the test and reference
documents in the database. Based on the resulke dafistributions, they provide statistical
information about the handwriting styles of eaclitevr Our proposed method adopts a fuzzy
c-means algorithm which uses a kernel functionstoreate the probability that a characker
has been generated by a prototypd&hree different kernels are proposed and destritve
equation (3-1) to equation (3-3). The first oneais exponential kernel with a tuning
parameter3 to adjust the selectivity of the exponentials, #egEond one is the Gaussian

kernel and the third one is the inverse kernel [ptegy, Klawonn et al. 1999].

)= exf- pxdist(p,, x)) ]
P, (P %) S exel- fxci(py. ) (3-1)

_ exd- dist(p,, x))
ZkN,zlexr(— distz(pk.,x))

P,(p, x) (3-2)
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P, (p. | x)is the probability that a given segmented charax, which has been
recognized as of the alphalseta,a 0{a",b",...,'z}, is assigned to prototyjPx. % € [L.N],

This represents the partial membership of protoPx discussed earlier. The functi

dist (p, , x)represents thdlahalanobis distan. In equation (3-1) is a tuning paramet:

which has been experimentally set to be 0.01 N is the number of prototypes usi
Equation (3-2)describes the Gaussian kernel function where thgilglition of the featur
vectors was assumed to be Gaussian with zero medru@it variance. Equatio(3-3)
describes the formulation for the inve kernel function where the notations have the ¢

meaning as in equation (3-1).

Figure 3-9gives an illustration of thébehaviour ofthe inverse kernel functi
described by equation (3-8) a situation where 4 prototypes are availabla i2D feature
space and considering a trajectory for the testaderx following a spiral curve in this san

space as displayed in Figu8&. The 4 prototypes, (+1, 1), p, (-1, +1), p, (-1, 1) andp,

(-1, +1) are located at the 4 corners of a s(, where the co-ordinatesj} are defined in the
Cartesian co-ordinate systeffihe spiral whib defines the positions of a test characte
indexed by thegparameterized value angle6 varying from 0° Wwhere the correspondir
point (0, 0) is at the center of the sqt), to 720° (ith a corresponding point having (2, 0)

coordinates).

When tle test point is jusat the center of the 4 prototypes, each o 4 prototypes

gives the same partial membership (0.as defined by the inverse kernel functiorFigure
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3-9 whereas as the point is moving along the spgath of the 4 prototypes contributes
differently. When the test point is very close twecof the prototypes, this prototype takes
nearly all the membership mass, this is the casénftance for the values of the angle of
45° + nx 90%,n € N. Take for example if n=3, whef=315’ as illustrated by the vertical
line in Figure 3-10, the test charackewill be defined at the position of the spiral resrto

prototype p, as shown bw in Figure 3-9. The behaviour of the kernel funetio this case,
assigns the largest partial membership of 0.53raédop/pe p,, and lower values of partial
membership of 0.17, 0.125 and 0.17 to prototypesp,and p, respectively. However, this

kind of greedy winner-takes-all approach might netessarily give better results. A further
detailed comparison and analysis of the performaridbese three Fuzzy C-Means kernel

described in equations (3-1), (3-2) and (3-3) dlfurther discussed in the later sections

Trajectory in the Feature Space

2
z

x Position
[} P1
a P2

P3
P4

Figure 3-9: Feature space with 4 prototypep; (+1,-1),p2(-1, +1),ps (-1,+1)ps(+1,-1) and

different positions of a test sample x following apiral indexed by an angle [0°, 720°]

67



Inverse Kernel
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Figure 3-10: Partial membership inverse distance kael functions for different
positions with 4 prototypes,pk

In this thesis, we have adapted the tf-idf modstk foroposed by Salton et al. [Salton
and Buckley 1988] into a character prototyping apph. This means that our definition of
tf-idf will be on a character basis, depending be tetter of the alphabet. Through our
experiments, which will again be discussed latez, abserve that a modification to tf-idf
initially proposed by Salton et al. is in order dwwethe absence of certain letters of the
alphabet in most documents, noteworthy letters saschw’ and ‘q’. This implies that we

should assign characters that are more probablee teimilar to a certain prototypg, a

higher weightage. Hence, the adaption of Saltal. stterm frequency and inverse document

frequency follows equation (3-4) and equation (3e€spectively.

tfa,k = _z Pa (pk | X) (3'4)
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idf, , =log =i (3-5)

As described in equations (3-1) to (3-3), charactieom the reference and test
documents are assigned a partial membership tprtiietypes based on their distance metric
to the prototypes. Therefore, characters whicHuréher away from certain prototypes are

assigned a lesser degree to that particular pymoty (p, | x) is then used to calculate on a
letter of the alphabet basis, the distribution mfqliency vectors; the term frequency as
described in equation (3-4) and the inverse doctifinequency as described in equation (3-

5), to be used during classification. Henge(p, |x) tf,, andidf, are all calculated on a

letter of the alphabet basis. In equation (3-4)sNhe number of characters corresponding to
the letter of the alphabet In equation (3-5), R is the number of referencdaessi anct is a
small value to prevent any numerical problems. Tihéh possible to compute, as presented

in Table 4, the term frequencies,, ., which represent the probability that referenceent

N
uses prototypep, for writing alphabet lettes, with thwi =1. From these values, which
k=1

are computed on the reference document writeritsét, possible to compute the inverse

document frequenciesdf_, , which are a measure of the uniqueness of theeuség

prototype p, for writing alphabet letten among the different writers of reference set.
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Table 4: Building of the term frequencies and invese document frequencies.

a ‘a’ ‘b’ a ‘z’

k | 1| 2 |[.] N 1 2 | N | .| 1 2 |.| N
1 tf'a',l,l tf'a',Z,l 0o tf‘a',N,l tf‘b',l,l t.I:'b',Z,l i t.l:'b',N,l ooo tf‘z',l,l tf'z',Z,ZI. e tfZ N,1
2 tf'a',l,z tf'a',z,z . tf'a',N,z tf'b',l,z tf'b',z,z .- tf'b',N,2 tf'z',l,z ﬁ'z',z,z . tf'z', N,2

tfa,k,i
R tf'a',l,R tf‘a',Z,R . tf‘a',N,R tf'b',l,R tf'b',Z,R .- tf'b',N,R tf'z',l,R tf‘z',Z,R . tf'z', N,R
idf,,, | idf,, | .| idf,. | idf,, | idf,, | .| e~ | Do ot | idf,, | .| idf,

The physical significance of our adapted term fesmpy provides statistical
information on the different writing styles of thveriters at the character level. The term
frequency presents a distribution that can be ts@datch the test document in question with
all the reference documents in the database. Tdrerethe identified writer will be the one
with the most similar term frequency between theo$eest and reference documents. Each
and every document is being represented by a vet®BxN terms consisting of 26 letters of
the alphabet and N number of prototypes for thentéequency. The inverse document
frequency takes into account the relative imporaoicone prototype compared to another,

across all the documents present during trainirt@simg.

It can be shown from equation (3-5) that more emigh& being placed onto those

prototypes that are infrequent. This suggestsghah particular styles of writing is distinct

and is indicative of the uniqueness and importaricaich character prototypes in identifying
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writers. Both the term frequency vector and theerse document frequency are then used in

the classification stage.

It can be seen that with our fuzzy c-means approadharacter is not labeled to one
particular prototype but rather, each charactedistributed over every prototype of the
corresponding letter of the alphabet. The experiaieresults obtained serves as strong
evidence to attest that our proposed fuzzy c-meppsoach for assigning prototypes during
the document indexing stage yielded a higher le¥elccuracy. Finally, in the last stage of
retrieval, the frequency vectors are used for diaation in order to identify the writer

corresponding to the test document.

3.25 Classification stage

The classification stage is then performed using-raeans classifier based on a
distance measure given below. The distances arertinked and the identification of the
reference writel, corresponding to the test writeis taken as the writer with the shortest
Euclidean distance as calculated in equation (Z@&pmparison of different distance metrics
(Kullback-Leibler divergence and the Chi-squardatise) will also be discussed in the later
sections 3.3.5 and 3.3.6 respectively to see hawr fherformance compares against the

Euclidean classifier.

a="a' k=1

'7' N
Euclidean Dist (reference writertest writerj) = Z/L, X\/ Z[idf 2ak (tfa,k,i =t )2] (3-6)

where)  is a weighing factor to normalize the amount of rebters present in each

document. The formulation for, is described in equation (3-7), represents ahiditia
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factor of using any one particular letter of thphabet.o takes into account the effect of

different amounts of the presence of a particidétet of the alphabet in the document. For
example, if the letter ‘'z’ seldom appears in theipalar document or does not appear at all,
instances of the letter 'z’ used in calculating téen frequencies may cause distortions in the
statistical distribution of the handwriting stylakewise, having more instances and samples
of a letter of an alphabet in the document incredlse confidence and reliance of using this

letter of the alphabet in the classification anehidfication of the writer.

A, (3-7)
Where x,; is the number of characters of lettan reference document
X,; IS the number of characters of letéen test documerjt
C,, Iisthe total number of characters of all the fstte reference document

C, . isthe total number of characters of all the fstta test document

3.3 Character Prototype Model Evaluation

3.3.1 Data Acquisition

The database of online handwritten documents whscted using a digital pen and
digital paper technology, as shown in Figure 3-biage taken from [PCMag 2012]). The
digital pen used in our experiments was the NokialB, and the digital paper used in our
experiments was an Esselte A5 digital notepad, evbeth makes use of the Anoto digital
pen and paper technology. The unique dot pattamiegr on the digital paper allows for
quick and easy capturing of online information sastdynamic data, pen-up and pen — down
data, writing speed, writing acceleration and egegssure when coupled with a digital pen

such as the Nokia SU-1B digital pen.
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Figure 3-11: Nokia digital pen (Nokia SU-1B) and Eselte digital paper.

The advantage of the digital pen, allows for harider data to be captured as an
online handwritten document directly into the pemgmory. This is accomplished via a
combination of ordinary ink, and a digital infraredmera concealed near the ball-point of
the digital pen, as shown in Figure 3-12 (imagesmakom [Gizmowatch 2012]). This is
different from a typical digitizer-and-tablet inpwhere no special digital paper is required to
capture the online handwritten text. However, ttheaatages of such a digital pen and digital
paper technology is that it allows the writer te wexactly the same natural experience of
writing using a normal pen and paper, as well agificantly speed up the capture of large

amounts of data, and help accelerate the procegst@facquisition.
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Figure 3-12: Features of a digital Pen, Nokia SU-1B

3.3.2 Database

Online handwritten documents were collected fron@ $&iters, where each writer
wrote two documents: one is considered as a referdacument and the other one is taken as
a test document. The contents of the two documamrddifferent where the length of the
reference and test documents varies from 86 cleasatd 972 characters. Each writer has to
copy a given text passage taken from a varietyoafces such as literacy works, financial
news and short notices. In addition to copying frargiven text, the writer has to provide
his/her own text. This allows a large variety ohtamt to exist in the database, which does

not impose any constraints on the dependency aldh@ain.

These reference documents and test documents ta @ollected belong to a
separate dataset from the IRONOFF dataset. Thenedé for this is that the IRONOFF
dataset is primarily used to build the set of aihpipic prototypes during the previous

prototype building stage. Furthermore, a separatabése needed to be collected because the
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IRONOFF database contains only isolated words amtdr are not representative of actual
online documents. Therefore as a consequence robetype set is generic and independent
with respect to the actual reference database ofirdents from which the writer is to be
identified. The advantage of building the prototyfi®m an independent database is that the
prototypes need only be trained once, thus makimguch more robust and scalable to be

deployed across a large number of systems.
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Figure 3-13: Example of a text passage from a refence document.

1

f_,/f’__. CAMACAANA A4 RN

Figure 3-14: Example of correct segmentation and kzling at the character level by the

industrial text recognizer.
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a) Text to be recognized
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/ gconomie

b) Correctly recognized text “economie” by indusittext recognizer

[ o

c) Incorrect segmentation

Figure 3-15: Example of the presence of segmentati@rrors

Figure 3-13 illustrates a sample of a text passaged in a reference document and
Figure 3-14 depicts a word that has been recogrbydtie industrial engine, which will also
then automatically provide the segmentation intarabters. For example, as seen in Figure
3-14, the industrial engine first recognized thedviflottant’ from the text passage given in
Figure 3-13. Next, all the characters of this wilattant’ needed to be segmented into the
respective characters ‘f’, ‘I', ‘o’, ‘t’, ‘t’, ‘a’,‘'n’ and ‘t' so that we can have difference
instances of the various characters. This procesegmentation into characters is also done
by the industrial engine. However, the segmentatiad recognition capabilities are not
perfect. There exist instances when the recognisaorrect, yet the segmentation has been
performed wrongly. For example, as illustrated iguiFe 3-15b, the word “économie” might
have been recognized correctly, but due to theeps of the accent found in ‘é’, the

industrial text engine has wrongly segmented tleviang character, ‘c’, as shown in Figure
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3-15c. This creates an instance of noise in thegedph set and will distort the result of the
prototype distribution computation.

We have found the character recognition accuradh®findustrial text engine to be
91% on the whole sets of reference and test docsmerich indicates that 9% of the
characters have been assigned to the wrong alphetbeat This result was automatically
computed by taking the true label of the documeni$ comparing them with the output of
the industrial recognition engine. The wrongly liglde characters are included in the
experiment because this will reflect a real-lifersario, where it is realistic to expect a certain
degree of recognition errors. It is worth to ndtattthe recognition engine is already trained

and ready-to-use, hence no specific training isired on the documents.

3.3.3 Fuzzy C-means Model (FCM) Discussion

The experiments were conducted on a set of 120atebt120 reference documents
from 120 different writers. The proposed methodglaging fuzzy c-means model (FCM) to
label the test and reference documents to the typ®s with the Euclidean distance metric
resulted in a high accuracy of 98.3% for writerattlare ranked correctly in the top-1
position. This translates into a misclassificatewror of two misclassified writers out of 120,
with both of them being classified in the top-2 ifos. This indicates that the writer
identification system has confused the misclassdiecuments with only one other document
from a different writer. Comparisons with previotesults obtained by Chan et al. [Chan,
Viard-Gaudin et al. 2008] on the same dataset, @allso performed writer identification
based on character prototyping, show a significamprovement over their proposed
methodology. An accuracy of 96.7% (four misclassifwriters out of 120) was obtained
using their method where the four writers were wigndentified ranked at top-2, 4, 9, and

12 positions. This means that their writer idenéfion system has confused the misclassified
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documents with up to 11 other documents. Therefaue,proposed methodology is able to

perform with significantly higher accuracies.

This improvement over Chan et al.’s results [Chaard-Gaudin et al. 2008] can be
explained as follows. Their methodology hinges loe ¢concept that each character can only
be assigned to one particular prototype for whichs#&ribution of handwriting styles is built.
This is flawed in reality because overlapping haritilng styles for different writers can be
commonly found. Our observations reveal that thare numerous instances when the
characters are close to more than one prototyfigeivector space. This can be explained by
the fact that a writer can have strong, dominamtdinaiting style and weak handwriting

styles.

Weak handwriting styles change according to variowsumstantial and temporal
states [Huber and Headrick 1999; Morris 2000], Whaan affect the strong dominant
handwriting style and lead to reminiscence of mpidtioverlapping handwriting styles. For
such instances, the discrete allocation of protgywsed by Chan et al. does not yield good
results. A writer whose dominant handwriting stylees not fit well into an existing
prototype will be weakly modeled using their apmlwa Therefore, in our proposed
methodology, each character is not just assigneshéoparticular prototype, but rather, each
character is assigned a certain degree of allrhi®types depending on how close they are to
that prototype, allowing us to realize a higherumacy. The more similar the character is to a

certain prototype, the greater the degree thabpnoe has on the character.

3.3.4 FCM Kernel Evaluation

Experiments were also conducted using differemiddefiunctions [Hoppner, Klawonn
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et al. 1999] for the fuzzy c-means algorithm toedeiine the kernel function that can perform
best in our writer identification system. We congzhthe use of three different FCM kernel
functions as previously described in equations )(3(3-2) and (3-3). Table 5 shows the
comparison in performance of the writer identificatamong using the three different FCM
kernel functions and our results show that the egptal kernel function performs the best

in our writer identification system.

Table 5: Performance of the Fuzzy c-means algorithm usiffgrént kernel functions

Identification rate using exponential kernel fuoat 99.2%
Identification rate usir Gaussian kernel functic 97.5%
Identification rate using inverse kernel funct 96.7%

It can be seen that the inverse kernel functiorfopmis poorly, which can be
explained by the poor behavior of such kernel fiomst as it approaches the centroid of the
clusters. The results obtained using the Gausseanek function performs better than the
inverse kernel function, notably because the Gaundsernel function has the advantage of a

smooth distribution as it approaches the centrbiti@clusters.

This poor asymptotic behavior of the inverse keffaektion is further illustrated in
Figure 3-10 a6=495" and 585 where the character approaches very close toettieotd and
gives a partial membership that is completely dat@d by the nearest prototype, with the
other prototypes being given a partial membershat ts much lower. Comparing this to
handwriting styles, that would indicate that tmsearse kernel function does not sufficiently
represent weak handwriting styles of the writersh@scharacter approaches situations close

to the centroid.
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Gaussian Kernel
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Figure 3-16: Partial membership Gaussian distancedenel functions for different
positions with 4 prototypes,Px

A further examination of the Gaussian kernel fumttshown in Figure 3-16 reveals
that such a kernel function still allows for a paErimembership to be allocated to all the
prototypes if the relative position of the otheotptypes are nearby. This is in stark contrast
to the inverse kernel function discussed earlidrens even if some prototypes are nearby, as
long as the relative location of the character gxactly at the position of the prototype (ie.
X= ), then that prototype will take all the weight.eTbhoice of a Gaussian kernel function
therefore allows the moderation of a partial mershigr function depending of the relative
locations of the prototypes to one another in taure space, ie. if other prototypes are far
away, the considered prototype takes most of thightiebut not if some prototypes are

nearby.
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Exponential Kernel (beta=1)
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Figure 3-17: Partial membership exponential distane kernel functions for different
positions with 4 prototypes,Px

Our results indicate that the exponential keroaction was able to achieve the best
result of 99.2% accuracy in our writer identificatisystem. This can be seen in Figure 3-17
where because of the specific value of beta thetniall enough to cover a larger spatial range
in the feature space domain, the exponential kdumedtion does not completely take the
whole partial memberships for character points #inatvery close to a particular prototype as
indicated by the vertical line #=315". Instead the kernel function still assigns a $enal
partial membership to the other prototypes thatfarther away from the character point. A

partial membership of 0.55 to prototype, and lower values of partial membership of 0.17,
0.18 and 0.1 to prototypes,, p,and p,respectively is assigned using this exponential

kernel function. Comparing this result of the exgainal kernel function and the Gaussian

kernel where the partial memberships are 0.0726).0.072 and 0.85 for prototypes,

p,, p,and p,respectively, is evidence that the bandwidth ofkemels with respect to the
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feature space heavily influences how the partiambmrship of the prototypes are being

modeled.
Exponential Kernel (beta=0.1)
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Exponential Kernel (beta=100)
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Figure 3-18: Partial membership exponential distane kernel functions for different

An in-depth understanding of how the beta behavéla exponential kernel function
allows one to be able to fine-tune the degree ofigganembership of the kernel function.
The effect of different values of beta can be olesgiin figures . The beta parameter controls
the spread of the different exponential memberéimgtions, and determines how fast the
membership function saturates. A low value of betsults in a slow saturation of the
membership functions and this essentially resuttsan uniformly distributed partial
membership to all the prototypes. Therefore, tow b value of beta will not be able to
effectively distribute the partial membership te tifferent prototypes. Conversely, a large
value of beta will see the membership functionsckjyi saturating to the case where it
becomes the case of a winner-takes-all scenarid, the partial fuzzy C-means model
essentially becomes a discrete assignment of maimbpei herefore, the experimental tuning
of the beta parameter becomes important in conggdlie spread of the partial membership

assigned by the exponential kernel function.
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3.3.5 FCM with Kullback-Leibler Divergence

Extensive testing and experimentations were alsimpeed on using other metrics in
obtaining more representative distributions of wréers’ handwriting styles. The Kullback-
Leibler (KL) divergence, also known as informatigain and frequently utilized in the field
of information theory, is one such useful metrionieasuring how different one distribution

is from another. The formula for KL divergence 1gey in equation (3-8):

P(X) -
2. p(X) Iogw (3-8)

where p(x) is the distribution of term frequencies for a testter andq(x) is the
distribution of term frequencies for a referencéevr It can be seen from the above formula
that the KL divergence is asymmetric. This meams the KL divergence fgo(x) to q(x) is
different from that ofg(x) to p(x). However, it should be noted that in our caseaveeonly
interested in obtaining an idea of how differerd thstribution between reference writers and
test writers is, in order to identify the referemeeter corresponding to the test document in
guestion. Hence, it is not necessary for us toofact the asymmetric behavior of KL

divergence.

Applying equation (3-8), we obtain:

j

df
KL(p,q)=KL Div (reference writei , test writgr 3 (idf xtf ) IogiJ (3-9)
ldf xtf )

But since the inverse document frequency is indépehof the identity of the writer, (i.e we

haveigf, = idfj). and we can rewrite the formula as:
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tf.
KL(p,q)=KL Div (reference writer , test writgr :)Z |df ><tf Iet?L (3-10)

The summation has to be done on all the bins (l &nd ‘a’ to ‘z’) of the distributions,

hence we obtain:

KL Div (reference writeii , test writgr 3 ZZ: ZN: idf , xtf I Mowi*€ (3-11)
; ¢ 2 2!V axMawy Gm

In this formula, we have to take care of possildeozvalues for some bins if the

estimated distributions when a prototype is notlusea reference document (, . =0). To

prevent any numerical problems, as with equatioh)(3ve have added a small valug, @
technique which is inspired from the interpolated¢hing-off method to take into account the
sparsity of certain distributions, where this tagme stems from its origins in language

modeling techniques [Witten and Bell 1991; Kneset Bley 1995].

In our data, there are numerous instances whemtiter distributions,p(x) or q(x)
are zero. The physical significance behind a vahst is zero signifies that there are no
instances of the writer having a particular stylevoiting. The results will be inaccurate if

this is ignored. Hence, the formula for KL divergerwas adapted to take this into account.

In our experimentsé is set to 1x18 for the purpose of our simulations. Equation (3-
11) takes into account the spikes in the distrdsutaused when eithe(x) or q(x) are zero
and effectively smoothens the distribution. Thenid&ation rate obtained when this KL
divergence was used for classification was a low %l as shown in Table 6. This is even
lower than the results of 96.7% obtained by Siewalé$ 1-nearest neighbor approach. This

could be due to the fact that the KL divergenceltsesn a larger distance values compared to
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when Euclidean distance was used. Hence, the Eaclidistance might be a better choice

for this writer identification system.

Table 6: Performance of writer identification usingdifferent distance metrics

Fuzzy C-Means Model (FCM) approach

Euclidean distanceeq.(3-6) KL divergenceeq.(3-11) |Chi? distanceeq. (3-12)

98.3% 91.7% 99.2%

3.3.6 Chi-square Distance

Experiments were also performed using the Chi-squhistance, as described in
eguation (3-12), as a different metric for the imwim distance classifier to determine
the best performing metric for our writer identéton system. We can observe from Table 6
that the Chi-square distance measure outperforrasEilclidean measure in our writer
identification system, achieving a top-1 writerntiécation rate of 99.2%. This is equivalent
to a misclassification error of only one misclassifwriter, with the misclassified writer

being in the top-2 position.

idfayk (tfa,k,i _tfa,kvi )2

'z’ N
Chi*Dist (reference writer, test writef)) = >* "
a='a' k=1 tfa,k,i +tfa,k,j

(3-12)

The rationale, which can explain the better resdtained with the Chi-square
distance, is that the Chi-square distance considerslative difference between the two

components of the distributions instead of an alieotlifference as with the Euclidean
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distance. This relative difference is more meanihgfith respect to the style of writings that
we would like to distinguish. Our results also soppBchomaker et al.’s results [Schomaker
and Bulacu 2004] that the Chi-square measure dotpes the Euclidean distance measure.
Therefore, in our system, the better performingrimeéd use for our classifier is the Chi-

square distance metric.

3.4 Sensitivity Analysis and Limitation of Proposed Mo dels

3.4.1 Effect of Number of Character Prototypes on Accura  cy

It is hypothesized that different letters of th@ralbet require different number of
prototypes to effectively model all the possiblatiwg styles of that character. For example,
there are more ways and styles to write ‘f as careg to writing ‘c’. For the sake of
simplicity, a preliminary level of analysis has hggerformed to find a global optimal value
for the number of prototypes needed. This analysisallow us to better understand the
behavior of the system as the number of prototypesgs. In order to verify the results of this
experiment so that it can be applicable even terotlatabases, a cross-validation approach
was used. The 120 test document database was rhnsiandivided into two equal partitions
of 60 test documents each, while keeping the databf120 reference documents constant.
Hence, both partitions will be making a writer itl@oation based on the same set of 120
reference documents. The global number of protatyipevaried from 2 to 60 for every
character of that corresponding letter of the dhetha

Figure 3-19 shows the effect of varying the nunddeglobal prototypes used with the
identification rate. Similar results attained bg tiwo subsets were notably observed. As seen
from Figure 3-19, the identification rate is highasen the number of prototypes used is
from 10 to 30. Additional number of prototypes begdhe 30 prototypes will result in a drop
in the performance of the identification systemmi&irly, there is degradation in the

performance of the system when less than 10 pqmstare used. This can be explained by
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the principle of Occam’s razor. A large number obtptypes create sparse dimensione
which deteriorates the performance of the clasdific. Likewise, insufficient numir of
prototypes will be unable to effectively separadgnween inte-class variations. Based on i

above analysis, the optimum number of global pypes is taken to be 10 in the experimr
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Figure 3-19: Graph of Identification Rate against Number of Clugers

3.4.2 Effect of Length of Text

Writer identification systems that adopt stochastpproaches generally require
minimum amount of data to be present in order terstochastic modeling to be suffictly
representative of the actual data. Therefore, imjgerative to gain an understanding of
length of text that needs to be sampled so ascibitéde the derivation of useful informatic

that closely characterizes the handwriting styliethe writers. A series of experiments he
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thus been conducted to investigate the amountxofréguired for sufficient accuracy of the

writer identification system.

The experiments have been designed as follows. €hadgacters in the test documents
have been varied, leaving the reference documeish varies from 168 characters for the
shortest reference document to 808 characters ler longest reference document,
unchanged. This is because in a typical writertifileation scenario, requests to identify the
test writer in question occur much more frequertthan enrolment for the reference
documents. Furthermore, keeping the reference desteanunchanged allows a fair

comparison when identifying from the same set fdremce writers.

Figure 3-20 shows the average number of misclaskiiriters attained by varying the
number of characters in the test documents. Thieedesumber of characters for conducting
the experiments is achieved by reducing the chemrsadn the original test documents
randomly across all the 26 letters of the alphaétter identification is then performed on
the test documents containing the reduced numbeharfacters. In order to ensure that the
results are more robust, this experiment is repeateer 10 different runs to obtain an
average value. It is clearly shown in Figure 3-B@ttthe number of misclassified writers
remains approximately constant when a minimum @&f d&Garacters are present in each test
document. However, there is a severe drop in tharacy of the writer identification system
once the number of characters in each test docufakstoelow this threshold. This can be
justified by the fact that there is insufficientlagiraphic information available to be

effectively representative of the various handwgtstyles.
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Figure 3-20: Average number of misclassified writes against number of characters

A minimum length of text is necessary to performeasonably accurate statistical
representation of the handwriting styles. Figur203also highlights another interesting point
where beyond this minimum threshold, any furthereéase in the amount of allographic
information does not result in any performance eshments in the accuracy of the system.
In consequence, a minimum threshold of 160 charmotethe approximate equivalence of 30
words or 3 lines in each test document is requii@d sufficient performance in our

methodology.

3.5 Summary

The proposed online writer identification using EwZ-Means Character Prototyping
framework consisted of three main stages, the progatraining stage, the document labeling
stage and the classification stage, as describddtails above. The prototype training stage
serves to identify common individual handwriting/les into individual prototypes at the
character level. This stage is accomplished usitgradwritten data derived from a large

database of 373 writers. The next document labedtage then utilizes these prototypes to
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create individual distributions of handwriting sglfor each of the 120 test and 120 reference
documents in the test database. Based on the sesulthe distributions, they provide
statistical information about the handwriting stylef each writer. Identification of the writer
is then achieved in the last classification stMje.achieved an accuracy of 99.2% based on

the 120 writers.

Furthermore, a sensitivity analysis provides ushvah insight of the limitations of
such an online writer identification framework. Téexists a minimum length of text for a
decent performance of this writer identificatiorstgm because this approach is a statistical
approach, and insufficient data will build a potrychastic representation of the distribution
of the handwriting styles of the writers. In thigseem, we have determined the minimum
length of text to be about 3 lines of text. A samgy analysis was also conducted to
investigate the effect of varying amounts of prgpetto model the handwriting styles of the
writers. From the experiments, this optimum nundfesrototypes has been ascertained to be

10.
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4. Writer
|dentification:

Alphabet level



4.1 General Overview

We begin by clearly defining the notion of alphaband characters to avoid any
ambiguities with the terminologies used here. Aphabet isa set of charactersised in a
writing system (eg. {'a’, ‘b’, ‘c’, ..., ‘Z’} in the Latin writing system). A character is
therefore an instance belonging to a letter ofalpbabet, such as an instance of ‘a’, ‘b’ or ‘¢’

in the Latin writing system.

One of the questions raised in this chapter [Sidaigl Vincent 2010] is to determine
whether it is important to assume the identity (ddeel) of a given instance of a letter. Of
particular interest is whether alphabet knowledge grovide any concrete physical evidence
in facilitating the identification of writers in \ter identification systems. Multiple studies
relating to the study of the discriminative powércertain letters of the Latin alphabet in the
identification of writers [Srihari, Cha et al. 2002ha, Yoon et al. 2006; Pervouchine and
Leedham 2007] have been conducted with no paatigulstrong conclusive evidence.
Therefore, we attempt to view this problem from taeo perspective and use alphabet
knowledge as an aiding tool to help the clustemfigallograph features into prototypes
instead. Our motivation lies in establishing iffpet knowledge contains additional clues
that can help ascertain the identity of the writardoing so, we can justify the promising
results obtained by allograph prototype approathasmake use of characters to build the

allograph templates.

4.2 Alphabet Knowledge Model

4.2.1 Discriminative Power of different letters of the a  Iphabet
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It is not unconceivable that different writers carte certain letters of the alphabet
with a more distinct and unique handwriting stythart other letters of the alphabet. This
difference in handwriting styles for certain lettesf the alphabet can be attributed towards
multiple intrinsic and extrinsic factors. Extrinsi@actors include cultural and societal
influences; physical influences such as left-handsd or right-handedness, grasp and
dextrality. Intrinsic variables to consider can lutde literacy influences and educational
system influences [Huber and Headrick 1999; Md2f80]. All these influences play a part
to influence the writer in his handwriting styld. will then be a natural progression to
hypothesize that different letters of the alphabit have the capability to provide varying
degrees of discrimination in identifying writersorrexample, the letter ‘c’ might not have a
lot of allographs and variations in its approachweiting. We thus hypothesize that such
letters of the alphabet will have a low discrimimatpower in writer identification. In this
thesis, we performed experiments to verify this dijpsis and showed evidence of the

discriminative power of certain letters of the aphbt in writer identification.

In this experiment on French handwritten documérdsn the database containing
120 writers as previously described in sectionZ3.8nly one letter of the alphabet was used
at a time in writer identification. Hence, when a@ investigating the discriminative power
of ‘a’, only the letter of the alphabet ‘a’ was dsieom the reference and test documents in
the document indexing stage and the retrieval stageis case, the size of the tf-idf vector
prototypes is reduced from 26 X N = 26 X 10 = 26hly N = 10. The top-1 accuracy in
writer identification was then obtained by considgronly writers that have the letter of the
alphabet ‘a’ in both their reference and test doents1 Writers that do not have any letter ‘a’
in either the reference or test document are odittethe ranking results. The number of
characters of each letter of the alphabet founeithrer the reference or test document ranges

from 10 to 150 characters. This process is theratepl for 19 more letters of the alphabet.
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Six letters, namely, ‘w’, ‘K, ‘Z’, J', 'y and ‘h" were omitted for the purpose of this
experiment since these letters of the alphabetyrapgpear in the documents and will skew

the results if included. The outcome of this expent is illustrated in Table 7.

Table 7: Discriminative power of different lettersof the alphabet in writer identification

on French handwritten documents

Letter Top-1 Accuracy % of total Char

a 43.33% 7.41%

35.83% 6.82%

30.00% 3.04%
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q 19.83% 1.14%

14.29% 1.01%

From Table 7, the second column indicates the ta@gcuracy obtained when only
that particular letter of the alphabet is used @nfgrming writer identification. The top-1
accuracy is the percentage of writers that areadrdorrectly in the top-1 position; hence a
top-1 accuracy of 100% will indicate that all theters have been identified correctly. The
results supported our hypothesis that certainrietiethe alphabet like ‘v’ , ‘c’ and ‘b’ might
have few variations in its allographs and stylewndting and hence will have a low
discriminative power in writer identification. Likese, letters of the alphabet like ‘a’, ‘s’, ‘d’
and ‘t" are highly discriminatively in writer ideification. As such, more emphasis should be
placed on such letters with high discriminative posvand less emphasis on those with low

discriminative powers.

The third column in Table 7 shows the frequencyafurrence of such letters of the

alphabet in both the test and reference documériis distribution of frequency of
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occurrence is similar to the results obtained bgdRbaum et al. [Lyne 1985; Rosenbaum
and Fleischmann 2003] for characterizing the distion of letters in general French
linguistic resources, where the most frequentiettehe alphabet is ‘e’ and the least frequent
letters are ‘w’ and ‘k’. Therefore, the set of dowents in our reference and test database is

representative of general French linguistic resesirc

A further examination of the third column in Taldereveals an interesting note,
where certain frequently appearing letters of thmhabet such as ‘e’ do not provide high
discriminative powers, whereas rarely occurringelst such as ‘X’ is able to be more
discriminating in writer identification. This indates that characters need not appear very
often in order to have high discriminative powdfsom this result, we can design algorithms
that give more focus and emphasis to letters ofalpbabet that have high discriminative
powers, regardless of whether they occur frequantipe document. Therefore, our results
strongly indicate that different letters of thelapet do indeed have different capabilities to

provide varying degrees of discrimination in idéniig writers.

Our initial observation is that some letters of #éhghabet such as ‘f' are ranked in a
rather low position for its discriminative poweresvthough we expect a high discriminative
power for it. These expectations initially arosedese intuitively, the presence of both the
descender and the ascender in ‘f' should naturallyw for more handwriting variations
[Han and Kamber 2006]. However, it is interestimgniote that our reported results are
counter-intuitive to this expectation. The reasonld be attributed to our observation that
this letter of the alphabet suffers from a very loumber of instances of characters: only
around 1%. This leads to a poor estimation of tlm¢opype distribution, resulting in the same
problem as the experiment reported in Figure 3f2@he previous chapter, i.e. when the

number of characters is low the performance dr@yerely. Nonetheless, this experiment
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clearly shows that different letters of the alphah@&ve different identification capabilities,
which supports findings from Cha et al. [SriharhaCet al. 2002; Cha, Yoon et al. 2006].
More emphasis should be placed on such letterfiefatphabet with high discriminative

powers and less emphasis on those with low disoativie powers.

In order to further explore this notion of the tadaship between frequency of
occurrence and discriminative powers, we furthde nat frequently appearing letters of the
alphabet such as ‘u’ (19.17% accuracy with a chardeequency of 6.68%) do not provide
high discriminative powers, whereas letters of alghabet that do not appear as frequently
such as ‘d’ (42.86% accuracy with a character feagy of 3.66%) is more discriminating in
writer identification. This implies that the frequey of occurrence is not directly correlated
to the discriminative power of different letters tbe alphabet. In our case, dtxdf is not
related to the frequency of occurrence of the fgthaut to the frequency of the prototypes
being used, since our tf-idf has been normalized tetter of the alphabet basis. Hence each

letter of the alphabet is able to be processediemigently.

Interestingly, our results contrast with works biels et al. [Niels, Gootjen et al.
2008] where they conclude, without experimentatibat frequently occurring letters of the
alphabet like ‘e’ are least suitable for distindning between writers and rarely occurring
letters of the alphabet like ‘g’ are most suitatdedistinguishing between writers. Based on
our results, we argue that the suitability of difiet letters of the alphabet for writer
identification should not be based solely on tlegflrency of occurrence, but rather, take into
account various other intrinsic factors and exicingdactors which can affect the

discriminating power of different letters of thg@lahbet as well.
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4.2.2 Proposed Methodology in using Alphabet Knowledge

In section 4.2.1, we established that differerelstof the alphabet do have different
discriminative power. Hence, we propose to use itifermation of alphabet knowledge to
aid in the clustering of the allographs in ordebtold the distribution of prototypes that are
representative of the handwriting styles of writeka Alphabet Information Coefficient is
also introduced during classification to take intmsideration the effects of different letters
of the Latin alphabet. Two writer identificationstgms are built; one that uses alphabet
knowledge and one where alphabet knowledge is ethifthe writer identification system
without using alphabet knowledge allows for comgami with the system that uses alphabetic
information. The approaches for both systems aserdeed and compared in the sections that

follow.

Methodology without alphabet knowledge

The purpose of this methodology without alphabetvkedge is to investigate the
effect of whether the absence of a-piori informataf the alphabet matters in the writing
identification process. To investigate this, thensaframework where the three stages (cf.
prototype training stage, document labelling stagel classification stage) previously
described in Figure 3-3 are similarly used. Howgewerthe document labelling stage, the
segmented characters are instead clustered intqp6types all at the same time in the
feature space, without any alphabetic informatiakewise, in the last classification stage,
frequency vectors are then classified to identify writers using a variation of the chi-square

distance measure, as depicted in equation (4-1).
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. 2
Distance( vvriter,writga :iw
ki 'YK,

(4-1)

whereidfy is the inverse document frequency dfpdrepresents the term frequency of
the reference and test documents, wikefers to th&™ prototype and refers to writeii. N
stands for the number of prototypes that are beiastered, wher&l=260 in this case. This
differs from equation (3-12) because here in eqoat(4-1), we are not making any
assumptions or using any a-priori information abth alphabet knowledge in clustering.
Whereas for equation (3-12), we have assumed oa-pnformation about the alphabet
knowledge during the clustering process when wstetuthem on a letter of the alphabet
basis, hence the value of N for equation (3-12)oicluster across 10 prototypes instead.
In equation (4-1), we have again adapted the stdndaandtf measures from traditional
document analysis literature [Salton, Wong et Qr5t Salton and Buckley 1988] to address
our writer identification problem. In our frameworldfy and tfy;, are used to create a
statistical distribution that models the handwagtstyles of different writers. This distribution

then enables us to classify and perform an ideatibn of the writer in question.

Methodology using alphabet knowledge

The purpose of this methodology with alphabet kmalgk is to investigate the effect
of whether the presence of a-piori information b talphabet matters in the writing
identification process. To investigate this, themedramework discussed in chapter 3 is used.
The main difference lies in that in the last clhsation stage, the Alphabet Information
Coefficient is introduced during this stage to speally weigh each letter of the Latin
alphabet as shown in equation (4-2). The reasothas with this second method, the

distributions over the prototypes are computed dettar-by-letter basis. This contrasts with
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the methodology without alphabet knowledge in thdier section where in the documt
labelling and classificationstages, no @siori information on the alphabet is us:
Consequently, 26 distributions are obtained inst#aa single one as with the first meth
Some of these distributions are more reliable thidwers and it is the goal of tlAlphabet

Information Coefficiento give more weight to the more reliable ributions

k=1 tfk,i + tfk,j (4_2)

Distance( writer ,Writejr) =

0, if C, xC, =0

1, otherwise

Stepwise AIC= { 4-3)

Geometric mez AIC = /C, xC, (4-4)

1-exp(AxC, x Caj )
1+expt-AxC, xC, )

Sigmoid AlIC= (4-5)

In equation (4-2)idfx andtfi; have the same connotations as equé(4-1), N is the
number of prototypes that are being clustered|gitar of the Latin alphabet and is chose
be N=10 as explained previously. TAlphabet Information Coefficient being calculated

for all lettersa of the Latin alphabea 0{'a',b",...,'z}, which we have designed thr
different expressions for modelling thAlphabet Information Coefficie function. These

expressions are defined by equati(4-3), (4-4) and (4-5), wheres;: represents the numb

of characters or instances of the lettef the Latin alphabet that appears ie document of

C

reference writer. Likewise, =i represents the total number of characters fomiastr j and

in equation (4-5)A is a tuning parameter which is experimentallytedbe 0.01. The desi¢
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of these expressions for modelling the Alphabebrmfation Coefficient function will be

discussed more in details in sections 4.3.2

The distance defined by equation (4-2) is derivedhfa chi-squared metric, where it
is used to match the two distributions: one frotesd writer, another from a reference writer.
It introduces a relative comparison between the pmrents of the distributions, instead of
focusing on the absolute difference between th&ewiith a Euclidian distance. This is more
meaningful with respect to the different handwagtistyles that we are attempting to make a

distinction of. It has also given the best resuitthe study conducted by Schomaker [36].

Here, we have introduced the concept of the Alphahi®rmation Coefficient in
equation (4-2). The Alphabet Information Coeffidids a measure of reliability of the
character prototypes being built from the distrbutof the letters of the Latin alphabet
available in the documents. As the distributions astimated from the counting of the
number of instances of each letter, it is evidertlgar that the reliability of these
distributions are dependent on the number of sasrgteountered. The higher the number of
samples of a letter of the Latin alphabet that @esent in a text, the more reliable the
distribution for this letter should be. Converseijth very few samples, eventually none that
exist for this letter of the Latin alphabet in eittihe test document or the reference document
of a given letter of the alphabet, it becomes umdete that the corresponding distribution
has an important weight in the global distance tioncand should eventually be totally
discarded. Hence, the Alphabet Information Coedfitihas to take into account the number

of characters that are present in both the referand test document during classification.
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4.2.3 Experiment

Online handwritten documents were collected fron® 2@riters where the writers
copied text passages from the Reuters financialsnesvpus, Reuters-21578 [Saldarriaga,
Viard-Gaudin et al. 2009]. Figure 4-1 illustrategy/pical online handwritten sample that was
collected. Reuters-21578 is a very popular publalgilable financial news corpus initially
intended for text categorization research andritaias a collection of different categories of
financial newswire from Reuters. Each writer waguested to copy two different text
passages, with a digital pen and paper technologg: which is considered as a reference
document and the second one is taken as a testnéoturom randomly selected news

categories of Reuters-21578.

UK\ YONEY TARKET GETS &S TLV 76 LATE HELP
The Bant o Ensfaﬂﬂ{ Qaiel. if mwdﬁa/,
&/nwx" RS‘mé)n g?}:ﬂ«‘fafe Wpfﬂénw madze/
mS f{ fLonaf_ M\a’i_s[’aﬂ& wfo »@ .
D7) PoULS bk Hh &m ik 2
ef’ SS‘Dsfg 01y rﬁm/eef 8400%(,&.

REVTER. .

Figure 4-1: A sample text passage from theReuterst378 database

(financial news category).
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DEROSE INDUSTRIES INC DRI 4TH QTR A B g

Shrloss 56 cts vs loss 71 cls, ookl / Writer
Net loss B09,000ys loss 1.0 min / 1
Revs 5.3 minvs 5.2 min ]_IlfOImaUOﬂ
Year .
Shr loss 1.51 difs vs profit 61 ¢ls nge
Net loss 2.2 minys loss 2.3 min
Revs 26.5 minys 29.1 min

Reuter

e /' Textto copy

DEROSE INDUSTRIES INC DRI 4L TH &TFK
Sha Low S o A LQues T4 o -
e aQa-ﬂ 309_, Ccoo - ,,n.'n:; . o\
Ravn 5.3 al ey L_.,?MQ’R —

‘\.'fhﬂ_

Sha B A5 e o gt g A
i.bl-.ﬁma 'Z.?m.Q\. are Do ?-?A.ﬂ\.
Reve 2.5 Al o 290.4 mii
Re.e,

/ Textrecopied by
the writer

: /

Figure 4-2: A sample of the form used to collect #gnhandwritten sample from the

writers.

Figure 4-2 shows the form used to collect the semgifom the writers. These
reference and test documents that were collectéohdpeo a separate dataset from the
IRONOFF database, which is only used for buildihg prototype set of characters. The
IRONOFF database was chosen for this task of mgldhe character prototypes because it
contains a wide selection of handwriting stylesrfrd73 different writers that is consequently
large enough to be representative of the diffevantations in handwriting styles. As a result,
the character prototype set is generic and independith respect to the actual reference
database of documents from which the writer isgadentified from. Furthermore, a separate
database needed to be collected because the IRON&@&PBase contains only isolated words
and hence are not representative of actual onloseidents. As can be seen from Figure
4-1and Figure 4-2, each online document on avecagsists of only 3 to 10 lines of text and

contains shorthand that exists in financial newggas. For example, min (circled in Figure
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4-1) which is a typical short-hand to represent Wad ‘million’, is commonly used in

financial terms. As illustrated in Figure 4-3, thetomatic recognizer tool might confuse the
word ‘min’ for ‘men’, since it is an out-of-lexicamord. Next, Figure 4-4 shows the wrongly
recognized character “e' that will be utilized dataring writer identification. Such character
recognition errors are not removed before tryingdemtify the writers so that a realistic and

practical scenario can be reflected since suchieam@ inevitable in reality.

A character recognition rate of 89% was achievethandatabase using the MyScript
[MyScript 2012] industrial text recognition enginghis implies that, when using alphabet
knowledge as defined in section 4.2.2 to help ia #ssignment to the corresponding
prototype set, 11% of the characters will be aggignrongly. For instance, in the previous
example that illustrated the incorrect recognit@nthe word "min’, a 'I' which is wrongly
recognized as an “e' will be erroneously clustéoetthe set of prototypes for letter "e' of the
Latin alphabet. Hence, the prototype frequencyregion will be corrupted by noise because

of the presence of such inevitable recognitionrsrro

men__

Figure 4-3: The word 'miIn’ that has been wrongly reognized
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Figure 4-4: The 'e' in the wrongly recognized wordhat will be used for writer

identification

Nonetheless, the ensuing choice of the recognémyine has no specific link or any
bearings on the proposed method. In our experimé&mtgScript” was chosen because it is
an off-the-shelf product that contains convenientltiin resources, while offering the
possibility to create specific linguistic resourcAgy other recognition system can equally be
used to implement the proposed method. The beliersegmentation and recognition
capabilities of the recognition engine is at recoigiy the letter, the higher the writer
identification rate will be. Hence, the proposedtimé has no reliance or dependences on
any one specific text recognition engine and otbeognition engines can be used in tandem

if a writing style is very odd and not well suppaattby any one particular recognition engine.
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4.2.4 Alphabet Knowledge Model

Table 8: Effect of alphabet knowledge on writer idatification rate

Top-1 Writer Identification Rate of 200 reference witers (Reuters database)
Clustering
without
Clustering Using Alphabet Knowledge
Alphabet
Knowledge
Using stpwise | Using geometric| Using sigmoic
Alphabet Alphabet Alphabet
No Alphabet
Information Information Information
Information
66.0% Coefficient Coefficient Coefficient
Coefficient used
shown shown shown
in eq. (4-3) in eq. (4-4) in eq. (4-5)
73.5% 76.5% 86.5% 87.0%

Table 8 compares the top-1 writer identificatioteraetween the approach without
using any alphabet knowledge to help in clusteang the approach with using alphabet
knowledge to help in clustering. When alphabet kiedge was omitted in helping to cluster,
an accuracy of 66.0% was achieved (68 misclassii@@rs out of 200). In contrast, with the
help of alphabet knowledge to cluster the distidubf prototypes at the character level, we
see that the alphabetic approach resulted in aehigip-1 identification of 73.5%. This
translates into a misclassification error of on8 &ut of 200 writers in the top-1 position.
Alphabet knowledge provides additional knowledgetlo& handwriting styles. There exist

different morphological variations even among d#dfe letters of the Latin alphabet. For
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example, the letter “f' has more morphologicalatéshs and styles to write it as compared to
the letter "c', where only a limited number of afions exist. Therefore, it will help in the
identification of writers if we are able to examigertain letters more closely. With the
assistance of this alphabet knowledge, clustetieggtaphemes or allographs into prototypes
to model the handwriting styles of writers will keble to provide a higher writer

identification rate, as evidenced from our results.

This improvement of the writer identification raderves as further evidence to suggest
that alphabet knowledge do influence the recogmitibwriters. This can be explained by the
fact that in our proposed methodology, we make afsalphabet knowledge to cluster the
prototypes into clusters of "a’' to "z'. It musthighlighted that even though the identification
rate reported here are much lower compared to tiv& done in the previous chapter 3 by
100 writers on a set of French handwritten documerg well as works by Chan et al. [Chan,
Viard-Gaudin et al. 2008] and Niels et al. [NigBgotjen et al. 2008], the reader should bear
in mind that the Reuters database of 200 writeraush more challenging to recognize due
to the shorter length of text in the documents ardgher segmentation error, as previously
discussed in section 4.2.3. The effect of the ttimms from no Alphabet Information
Coefficient being used (73.5%) to using Alphabdbimation Coefficient (76.5% - 87%)

will be discussed next in section 4.3
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4.3 Alphabet Information Coefficient

4.3.1 Effect of Alphabet Information Coefficient

It is observed that certain letters of the Latiphalbet such as ', 'q" or z' have
infrequent occurrences for the English languageesitmey rarely appear in most English
texts. This might cause distortions to the protetglistributions created if the instances of
such letters are not sufficiently consistent to ptately model the writing style of that letter
of the Latin alphabet. The Alphabet Information @icgent serves to eliminate this bias by
attributing less importance during classificationtthose letters which rarely occur in either
the reference or test documents. This effectivédggs more emphasis to those letters that
are able to sufficiently represent the writer'slestpf writing. Hence, the Alphabet
Information Coefficient is a measure of reliabiliyhere more importance is attributed to
prototypes that can reliably represent the handwristyles of that writer in order for a

higher writer identification rate to be attained.

When no Alphabet Information Coefficient is usedequation (4-2), all letters are
treated as equally reliable in representing theéewsi handwriting style. This is equivalent to
assigning a same weight of 1 to the Alphabet In&dirom Coefficient for all letters of the
Latin alphabet. However for the stepwise Alphabetodmation Coefficient shown in
equation (4-3), letters which do not appear inezitthe reference or test documents are
deemed as unreliable and thus omitted. As seen ffallle 8, the stepwise Alphabet
Information Coefficient improves the top-1 writefentification rate from 73.5% to 76.5%
when the stepwise Alphabet Information Coefficisnised. This set of results highlights the
fact that the reliability of the character protatgthat we use to model the handwriting styles
are in fact dependent on the distribution of theete available in the documents. When no

instances of the letter appear in either the testeference document, then that character
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prototype should not be used in the determinatiothe writer identity. This is consistent
with the results obtained where an increase in racguis attained when the stepwise
Alphabet Information Coefficient is used as comgate when no Alphabet Information

Coefficient is used.

However, the failure of the stepwise Alphabet Infation Coefficient becomes
apparent when letters of the Latin alphabet comtginery few samples are used to model
the handwriting style. In such cases, it becomésnaental to the identification rate if such
distributions still have an important weight in thebal distance function. This is also why
we have designed other Alphabet Information Coeifficfunctions to take into consideration
the reliability of the prototypes under such ciraiamces. A good choice of Alphabet
Information Coefficient should give higher reliabyil to letters of the Latin alphabet that
occur frequently and reduce the reliability to hargccurring letters which are not sufficient
enough to effectively model the handwriting stydes seen in Table 8, a good choice of
Alphabet Information Coefficient will result in tHarther increase in the accuracy from 76.5%
to 87%. The design of the Alphabet Information Giogfnt will be discussed next in section

4.3.2

4.3.2 Design of the Alphabet Information Coefficient

A series of experiments have been conducted tddurinvestigate the design of
different Alphabet Information Coefficients. Equati (4-3) uses a step-wise Alphabet
Information Coefficient function so that it prevenising a letter of the Latin alphabet when
no instances of this letter are encountered ireeithe test or reference document. All other
letters are given the same weight. In this case, résults attained 76.5% for the top-1

identification rate. When equation (4-4) is conséde the geometric mean of the sample
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numbers is used as a weighting factor, therebyepvex) the previous property of discarding
letters when no instances of the letter of therLatphabet are observed while increasing the
weight for the most representative letters. A digant improvement in the top-1
identification is observed where an accuracy 0586is attained when equation (4-4) is used.
Equation (4-5) uses a sigmoid function, hencefddhbe termed sigmoidal Alphabet
Information Coefficient, to saturate the influenalethe number of occurrences of a given
letter. It is in our interest to limit those letawhich are extremely frequent such as "a’ and e

from being overemphasized by the Alphabet InfororatCoefficient during the classification.

AlC

Figure 4-5: The sigmoid function in theC, x C,, space

The tuning parametéx, when experimentally set to be 0.01 results in diggnoid
function that is illustrated in Figure 4-5. Withcsua value ofs, the Alphabet Information
Coefficient quickly becomes saturated to a valué afhen approximately 20 occurrences of

the same letter have been encountered in each @ntuirhis effectively means that we do

112



not require more than 20 occurrences of a letmfeach document in order to reliably
model the allograph distribution for that letter.dddition, we can see from Table 8 that the
usage of this sigmoidal Alphabet Information Caméint achieved a top-1 accuracy of 87.0%.
This is a slight improvement compared to the Alghalmformation Coefficient using the
geometric mean where a top-1 accuracy of 86.5%atiaged. Upon closer examination, we
observed that an identification rate of 98% canakbiained with the sigmoidal Alphabet
Information Coefficient if we relax our constrair#sd consider the top-9 positions, as shown
in figure 7 (ie. The writers are considered cotyeictentified if they can be ranked within the
top-9positions). However, for the Alphabet InformatCoefficient described by equation (4-
4), the same identification rate of 98% can only at@ined if we consider the top-19
positions. Therefore, our experiments show that $igmoidal Alphabet Information

Coefficient can effectively improve the performaméehe writer recognition system.
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Figure 4-6: Performance of the writer recognition gstem on a database of 200 writers

using different Alphabet Information Coefficient functions.

The choice ol affects how quickly saturation of the sigmoid ftioo is reached. As
A approaches a very large value, it behaves simikarla step function as described in
equation (4-3). The physical interpretation of swlstep function Alphabet Information
Coefficient is that we exclude those cases whemstances of such letters exist in either the
reference or test documents. Likewise, we attrikedeaally all other letters of the Latin
alphabet that contain some instances of the leitelb®th the reference and test documents.
From Table 8, we see that the step function Alph&ifermation Coefficient performs only
slightly better than the case when no Alphabetrméatdion Coefficient is used; achieving an
identification rate of only 76.5% (47 misclassifiediters) compared to an identification rate
of 73.5% when no Alphabet Information Coefficieatused. This result is to be expected

because those letters where only 1 or2 instangesaajn the documents should be given less
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importance as they might not be sufficiently cotesisto represent the prototype distribution.
Hence, the value of should not be too large. Conversely, if the vadfie is too small and
approaches 0, this will have the same effect aszwiighabet Information Coefficient is not

used. Based on our experiments, we have foundptr®am value o to be 0.01.

4.4 Discussion

4.4.1 Discriminative power of different languages in the Latin alphabet

system

Certain letters of the Latin alphabet allow for meariations to be written compared
with other letters, thereby allowing different veris to express their individuality of
handwriting with a style that is more distinctivedadifferentiated. For example, the letters of
the Latin alphabet 'f' has more morphological taies and styles in its approach of writing
compared to the letter “c', where only a limitedniber of variations exist. This implies that
most writers might inadvertently write the letter with a similar style. Therefore, we
hypothesize that different letters of the Latinhalpet will have different capabilities in

identifying writers and we refer to this term as thiscriminative power of letters.

Experiments were conducted to verify this hypothdsr using only one letter at a
time to identify the writers. For example, in orderinvestigate the discriminative power of
the letter "a’, only the letter "a' was used frdre teference and test documents in the
document indexing stage and the retrieval stage.t®p-1 accuracy in writer identification
was then obtained by considering only writers tieate the letters of the Latin alphabet "a' in
both their reference and test documents. Writeas dlo not have any letter "a’ in either the

reference or test document are omitted in the rank@sults. This process is then repeated for
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the other letters of the Latin alphabet. Four teftaamely, "z', "q', 'x' and 'j' were omitted for
the purpose of this experiment since these letemedy appear in the documents and will

skew the results if included. The outcome of thigeziment is illustrated in Table 9.

Table 9: Discriminative power of different lettersof the alphabet in writer identification

on English handwritten documents (REUTERS-21578 dabase)

% of totd characters it
Letter Top-1 Accuracy
documents
d 22.45% 4.45%
a 20.81% 8.17%
n 17.00% 7.41%
r 17.00% 7.21%
o] 16.50% 7.89%
S 14.50% 7.64%
t 14.00% 8.67%
g 13.66% 1.57%
k 11.88% 0.73%
y 11.76% 1.47%
e 11.00% 12.17%
i 11.00% 7.55%
p 9.33% 2.31%
h 8.63% 3.39%
f 7.94% 2.21%

116



b 7.79% 1.37%
I 7.54% 4.20%
m 6.45% 2.44%
u 6.03% 3.16%
v 5.81% 0.95%
w 5.44% 1.16%
c 4.64% 3.25%

The results previously reported in Table 7 on Hnedocuments are similar to the
results obtained here as shown in Table 9 for Ehglbcuments; with the notable exceptions
that s’ and 't' are more discriminating in theneredocuments (top-2 and top-4 respectively
as described earlier in section 4.2.1) and thatvds the least discriminating. These slight
differences are due to the fact that English amsh&n documents are still inherently different.
Nonetheless, this experiment clearly shows thdemdint letters of the Latin alphabet have
different identification capabilities, which alsopgports findings from Cha et al. [Srihari, Cha
et al. 2002; Cha, Yoon et al. 2006]. Thereforeranemphasis should be placed on such
alphabets with high discriminative powers and lemmphasis on those with low
discriminative powers. The third column of tablesl®ws the frequency of occurrence of
such letters in both the test and reference doctgné&his distribution of alphabet frequency
is similar to the results obtained by Foster [Fo4&@82] based on the Brown Corpus of US

English words, where the most frequent letters @tet', "a' and the least frequent letters are

‘q'and ‘z'.

In many pattern recognition scenarios, one of thical tasks in any large-scale

practical system involves reducing the computatias@amplexity of the system such as
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seeking to minimize features that are redundarg. mbthod proposed involves clustering in
a feature space of dimensionality 210 for eackedettompounded by the fact that this has to
be repeated for all 26 letters of the Latin alphabhis issue can be addressed by using only
a subset of Latin alphabet instead. We demondinatéeasibility of using the discriminative

power of the letter to determine a subset.

Figure 8 shows the drop in performance as lettetheoLatin alphabet are removed
based on the order of their discriminative powene Texperimental results show that the
performance remains constant as the least disatmmletters are removed ('c', ‘'w', V', etc).
Conversely, we suffer a drastic drop in the perfmoe as the most discriminating letters are
removed ('d’, ‘@, 'n', etc). Degradation in thefggenance is already observed even with the
removal of one discriminating letter. Our resuttdicate that a choice of letters based merely
on their discriminative power can be utilized téesea subset of alphabets without adverse
impact to the performance of the writer identifioat system. This will help to reduce the
dimensionality and decrease the computational cexitylof the system. As evidenced from
our results, this method of using the discriminatpower to select a subset, albeit sub-
optimal, is a much simpler and effective approammgared to other more complex and time-

consuming sub-set selection algorithms.
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Figure 4-7: Identification rate as letters are remeed based on their discriminative

power

4.4.2 Discussion of Alphabet Information

Alphabet knowledge contains valuable informatiomtgoaing to the identity of the
writer. This is demonstrated from the experimenésiults of an improvement in the writer
identification rate from 66.0% t073.5% based oneaf 200 reference writers using the
Reuters-21578 corpus when alphabet knowledge isidered. Furthermore, with the
introduction of the alphabet information coeffidigkiphabet Information Coefficient, we are
able to achieve higher accuracies of 87.0%. A studyp the Alphabet Information
Coefficient design reveals that it is the sigmoigaliation of the Alphabet Information
Coefficient which enables to give us this slightiigher top-1 identification rate of 87.0%
when compared with the 86.5% obtained with the ggdm mean version. Upon closer
examination, our results reveal that a 98% idegaifon can be attained at the top-9 positions

with the sigmoidal Alphabet Information Coefficieas compared to the top-19 positions
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with the Alphabet Information Coefficient in equati(4-4). The optimum choice afwas

also found to be 0.01 from our experiments.

A large value of: is similar to a stepwise Alphabet Information Gméént and our
results show that the stepwise Alphabet Informa@oefficient performs poorly with a top-1
identification rate of only 76.5%. This poor resgltexpected because cases where only 1 or
2 instances of the letter in the document are uofficgently consistent to properly represent
the prototype distribution. On the same note, allsnadue for A will result in a poor
identification rate as well. In fact, asapproaches 0, it has the same effect as when Bépha

Information Coefficient is not used.

4.5 Summary

The individuality of alphabet knowledge has beemadlestrated from our experimental
results, where building prototype templates at tiaracter level retains significant
information relevant to the writer. Since alphakebwledge exists inherently when the
prototype templates are built at the characterl)éhes verifies our hypothesis that alphabet
knowledge contains individuality about the writenfarmation. Therefore, alphabet
knowledge helps in the identification of writers hjlowing certain letters of the Latin
alphabet that are more relevant to certain writetdse closely examined. For this reason, the
results presented in this thesis explain why wdHet made use of character prototype
approaches for writer identification are able ttaiat promising results. Hence, we foresee
advantages in exploiting this individuality of afifet knowledge, especially in automatic

writer identification systems.

120



In this chapter, we have also established the naifathe discriminative power of
different letters of the Latin alphabet through tdiferent languages; the English language
and the French language, as well as ascertainetisbility in utilizing such information
towards reducing the dimensionality and compleaitthe writer identification. Furthermore,
similarities and differences between the discrirmuga powers of both languages are
compared. This thesis has established that theirdisative power of different letters is
indeed language-dependent, and it is certainly ri#go® on the grammatical structure of the

language being used.

A writer identification system can, through theeetive use of only the more
discriminative letters by the systematic removathe less discriminative letters, result in a
writer identification system where the accuracytleg writer identification system are still
stable even if we do not use the complete setttdrieof the Latin alphabet writing system.
This result is important in creating a writer idénation system that is both accurate and

computationally efficient.
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5. Conclusions

123



5.1 Framework for writer identification on Alphabet-ba sed writing systems

The objective of this thesis was set out to deahwthe problem of writer
identification on online handwritten documents. sThbjective was met through the original
contribution of this thesis in which a frameworksaaroposed for writer identification based
on a character prototyping approach, at the chardevel. Working at the character level
allowed us to have more intuitive insights into thating styles of various handwritten
documents as compared to graphemes. The desidne dfizzy C-means approach was also

addressed to further improve the performance df sueriter identification system.

In the first category, we propose the framework dacharacter-prototype approach,
and achieved an accuracy of 99.2% based on theviigds. This was accomplished with an
adapted Chi-square distance measure using an exjmintizzy C-means kernel in the
proposed writer identification framework. Comparetth conventional grapheme-based
prototype approaches, the consistency and supgriofriour proposed approach has been
experimentally demonstrated. Our proposed methggdoes require a minimum amount of
approximately 3 lines of text in order for a stoglieally robust representation of the

distribution of the writing styles.

5.2 Establishment of a language-specific information c riterion - Alphabet

Information Coefficient

In the second category, we further introduce twocepts of discriminative power
of different letters of the alphabet, and the notad an Alphabet Information Coefficient
term. To this end, this thesis set a foundationtti@r concept of an “Alphabet Information

Coefficient” in Alphabet-based writing systems, whiwas introduced as a measure of
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reliability of how robust and consistent the prgpes are in representing the handwriting
styles of that writer. Through the design of a sigihal Alphabet Information Coefficient
term, we are able to achieve a good accuracy of 8% challenging dataset of short

Reuters financial news written by 200 writers.

The individuality of alphabet knowledge has beemadlestrated from our experimental
results, where we have established that a writentiication system need not make use of
the full set of letters of the alphabet and stithim a stable accuracy without a significant
degradation or loss in accuracy. This is remarkahk useful in reducing the computational

complexity of the system.

As a final concluding remark, it is interestingriote that many of today’s modern
languages (such as English, French, German, liaGanillic, Greek, Portuguese etc) with
Latin-based writing systems attribute for more td&@6 of the world’s population, which is
the largest percentage for any writing system|lastiated earlier in Figure 2-2 [Ethnologue
2012]. It would therefore be worthwhile to studydastevelop a generic writer identification
framework that can be effective across differemiglaages that make use of the alphabet

writing system.

As such, the framework discussed in this thesisbearasily extended to not just the
English language, but the other languages withlgimahet writing system as well since such
writing systems can be decomposed at the chardmtet. Therefore, further studies still
needs to be carried out on the how a characteotypmng approach react particularly to the
intricacies of that language group. This is becaiiferent languages tend to have different
frequent, as well as infrequent characters, andétribgvledge of such information can become

useful in designing an Alphabet Information Coeéfit suited for that language group.
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Consequently, certain languages such as Brazibatuguese only employ certain letters like
‘k’, ‘w’ and 'y’ in Brazil only for personal namesSuch information will prove useful as a

basis in designing a language-dependent writettiftstion system for forensic applications.

5.3 Future Directions for Writer Identification: Chara cter level

The current proposed online writer identificatiosing Fuzzy C-Means Character
Prototyping framework relies on the premise thag¢ tmandwritten document can be
decomposed into the character level. This appro&elriter identification can thus be easily
imagined to be extendable to other languages ot &ti@ alphabet system, such as lItalian,
Portuguese or German. However, this extensiontigrivaal and not inconsequential because
of certain peculiarities of different languageskd& &or example in Portuguese, letters such as
‘k’, ‘w’ and 'y’ are used only for personal namdar¢itas 2008]. Hence, the existence of such
peculiarities can further help in the writer idéisation process. A study into more languages
that use the Latin style of writing will therefoprovide us with greater insights into the

stability and robustness of such a character proitag approach in writer identification.

On the same note, it is therefore also worthwloldobk into the research area of
character-based prototyping approaches for sdhptsmake use of non-Latin based alphabet
writing systems such as Greek and Cyrillic. SinothliGreek and Cyrillic scripts fall under
the alphabet writing system and can thus be decsethpinto the character level, it is
hypothetically possible to create character pr@esyto model the various handwriting styles
of such handwritten documents. However, the curotrilenge in utilizing this character
prototype approach is to find a sufficiently largeough database of Greek and Cyrillic
handwritten documents that is statistically repnésteve of the various writing styles of the

letters used in these writing systems, much akihae the IRONOFF database of French
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words provides a sufficiently large representabbwmriting styles of the various letters of the
Latin alphabet system. The importance of havingssteally representative variants of the
different writing styles is paramount to buildingbust and consistent character prototypes.
Hence, a future study in this direction of othens such as Greek and Cyrillic that makes

use of the alphabet writing system is warranted.

A challenge would then be to investigate a novely via adapt this character
prototyping approach to a non-Alphabet based vgisgstem where the concept of a fixed
representation of the writing system using a firsié¢ of characters does not exist. Take for
example the Arabic style of writing. Arabic writirgystems are very dynamic and context-
dependent where the allographs constantly changpsending on the context of the text
passage, as well as the position of the text. 8tk the word can either combine together to
form a newer stroke and allograph depending onctimtext. The same word can therefore
have drastically different variants of shapes, dépgg on the context of how it is being used,

and there is no finite set of characters to reprtesiech a writing style.

This challenging problem may be possible if we abde to consider a different
interpretation of characters that combine to formwad. For example, Chinese words are
formed using various combinations of basic buildigcks known as radicals. A smaller set
of finite and exhaustive prototypes to model someéhe more common radicals could
theoretically be possible to adapt a characteropyping approach even for such non-
alphabet writings systems. This will allow one @keé advantage of the high accuracies,
robustness and large consistencies of charactéotypes for applications such as in the
forensic examination of parts of a word or radicad in all, a thorough and complete

understanding of the peculiarities of the specifidting system will definitely aid in
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designing and adapting a character prototype approa Semanto-Phonetic, Syllabary or

Abjad writing systems.

Last but not least, since we have proposed somgefudirections of how such a
character prototyping approach used in this themmsbe extended to other languages of the
alphabet writing systems and even to other writsygtems using other scripts, it may
therefore be interesting to be able to perform epmcessing stage of script and language
identification to automatically filter and routeethdifferent handwritten documents to the
corresponding writer identification systems. Stapd language identification, remains to
this day, a challenging and largely unsolved rede#pic in the document analysis research
community. Nonetheless, a successful breakthromgthis area will help to bridge the
existing gap between writer identification of diéat languages and scripts. Since there is an
increasing interest in handwritten documents froffeibnt languages and scripts, script and
language identification will be able to help impeomany pre-processing steps such as
document sorting, translation and determining theice of linguistic resources to attach in

character prototype approaches such as the oneruted thesis.

5.4 Future Directions for Writer Identification: Alpha bet level

Even though the concept of using the discriminagiweer of letters has been shown
to be feasible, some open issues still remains. @Widerlying assumption in this chapter is
that the letters are independent of one anothas. might not necessarily be the case if co-
dependencies between letters of the Latin alphaist. Such correlations between letters of
the alphabet might be imagined in n-gram studidsgres we can conceive letters having

strong co-dependencies such as ‘th’, ‘he’ or ‘mthe English language. For such instances,
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n-gram co-dependency cost functions could be furtivestigated in conjunction with the
Alphabet Information Coefficient term to further pnove the performance of the writer
identification system. Hence, future work couldtbé¢ake such co-dependencies into account
when selecting a subset based on the discrimingoveer through a study of the various

frequent and infrequent n-grams in the design efAlphabet Information Coefficient.

Another open issue will be how to adapt this dieamative power of letters to
specific writers. It would be interesting to haveiadication of the probability of how similar
or dissimilar the various writing styles are. Emgisacould then be given to letters of the
alphabet that have higher discriminatory power tftat specific writer. With this writer-
specific discriminative power term, we will be albdedetermine letters which can be ignored

for those writers based on the discriminative powefdetters for that specific writer.

Another area of improvement is that our Alphabdbrimation Coefficient currently
only considers the total number of instances of kbiders of the Latin alphabet in both the
reference and test documents. While this is sefficto achieve a good writer identification
rate, it ignores valuable information that can kaeted from the distribution of characters
between the reference and test document. For eraiple have a ratio for of 10:10, this
will give us the same Alphabet Information Coefiti as when the ratio for is 100:1.The
latter ratio is highly skewed and might not su#itily represent the handwriting style of that
writer. This is also the drawback of the Alphahb&btmation Coefficient presented in this
thesis. Thus, it will be of interest to take intonsideration the distributions of both the
reference and the test document when computingabighinformation Coefficient. One such
possible evolution would be to consider two indejsrt sigmoid functions. This will allow
us to control the saturation region of the Alphdbé&irmation Coefficient for each reference

and test writer independently.
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As shown earlier in this chapter, we have alsobdisteed the notion that a complete
set of letters of the Latin alphabet system neddalveays be used as the less discriminative
letters of the alphabet do not contribute much tawahe identification of the writer. With
this idea being established in this thesis, weesdand such a notion to non-Alphabet based
writing systems such as the Semanto-Phonetic \grigystem as discussed in section 5.3. A
partial subset of the more discriminative radicatsbuilding blocks of the word may be
sufficient to represent the writing style of a writ The challenge here would therefore to
determine a subset of commonly used and highlyridigtative set of radical prototypes,
which are more consistent and robust than simplygugrapheme prototypes. This
hypothesis has to be further established in futmoeks through a character prototyping

approach for writer identification on Chinese hantten documents.

On a similar note, it may be interesting to lookhatv to better adapt and utilize the
effect of the Alphabet Information Coefficient onck proposed methodologies for non-
Alphabet based writing system. For such adaptedachker prototyping approaches on non-
Alphabet based writing systems, the concept oflecahinformation coefficient may be more
suitable in prescribing a set of information ciierfor writer identification. As established in
this thesis, the concept of an information criteramefficient (used in this thesis for Alphabet
based writing systems) emphasizes the peculiardfeshe grammatical context of the
language. The Alphabet Information Coefficient isnaasure of reliability of the character
prototypes that can better and more pertinently ehdde writing style of that writer.
Infrequently occurring letters of the alphabet sashiq’ and ‘z’ in the English language are
given less priority in the Alphabet Information Gi@ent since they do not model the

writing style as reliably.
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Extending this notion to non-Alphabet based writingstems, the information
criterion coefficient in non-Alphabet based writisgstems should take into consideration
radicals that are infrequent and do not adequaiedlyreliably model the writing style. At the
same time, this information criterion coefficient @ smaller set of finite and exhaustive
prototypes should also consider radicals that hte ®@ sufficiently and reliably model the

writing style for an effective writer identificatio
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Abstract

In this work, we propose to model the uni
handwritten style of a person by computing
grapheme distribution produced by this writer. -
distribution is computed from any text with a fenes
First, representate grapheme prototypes
automatically defined at the character level wil
clustering algorithm. These prototypes should cale
variability of the different writing styles. Nexthe
modeling distribution of two writing styles can
compared, whiec allows to proceed to writ
identification from a reference dataset of docur
and a questioned document. The query, unknownn
document, is matched again all the refer
documents. For this purpose, the proposed frame
segments and recognizéhe text at the character le
and then performs a fuzzy function assignment &
corresponding prototypes of all the letters.

Some important issues are raised. They concer
number of prototypes for representing a letter,
choice of a metric t°compare two distributions, t
discriminative power of the alphabet letters, tlffed
of the length of the texts.

Two datasets with different complexities have t
used toassess the performances of the proposed s
A writer identification rate of 9.2% has been react
with a set of 120 French writers, whereas withggbi
set of 200 English writers, the identification rate is
87%.

This method has been applied onlime- handwriting
where the available signal which defines the sad
trajectoryof the writing tool is available as a seque
of points.

Key Words
Writer identification, information retrieval, on- line
handwriting, grapheme, k-nearest neighbor.

Résume

Dans cette thése nous proposons de modéliser l&
d’écriture manuscrite spécifique d'une personne
utilisant pour un scripteur donné la distribution
'usage de prototypes de graphémes. Cette disiwit
est calculée a partir d’'un texte quelconque degmuee
lignes. Les prototypes résultent d'un cluste
préalable et indépendant permettant de receteser
variabilité des styles d'écriture. Cette modélise
permet de comparer deux styles d’écriture e
procéder a l'identification d’'un scripteur a pardiune
base de documents de référence. La comparais
basée sur une mesure de mise en correspaedde
distributions obtenues. Pour cela, un sys
automatique segmente le texte en lettres, puisse
chaque lettre de maniére probabiliste parmi
prototypes disponibles pour cette lettre.

Une analyse portant sur le choix du nombre
prototypes,la nature de la distance utilisée pou
comparaison, le caractére discriminant des difféx
lettres de l'alphabet, et la longueur du texte alisple
est proposée.

Deux bases de complexité différentes sont util
pour évaluer ce systéeme. Un tauxdentification de
99,2 % est obtenu sur une base de recherche ¢
textes écrits en frangais, tandis qu'il se sitl¥ &b su
une base de recherche de 200 textes écrits eri@ngla

Cette méthode est développée sur de I'écrituregem
ou le signal dacriture représentant la trajectoire
linstrument d'écriture est disponible sous la fa
d’'une séquence de points.
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Identification de scripteur, recherche d’information,
écriture manuscrite en-ligne, allographe, k-plus
proches-voisins.



