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Abstract

The need to transliterate large numbers of historical Arabic doc-
uments into machine-readable form has motivated new work on off-
line recognition of Arabic script. Arabic script presents two chal-
lenges: orthography is cursive and letter shape is context sensitive.

This dissertation presents two techniques to achieve high word
recognition rates: the segmentation-free technique and the segmentation-
based technique. The segmentation-free technique treats the word as
a whole. The word image is first transformed into a normalised po-
lar image. The two-dimensional Fourier transform is then applied to
the polar image. This results in a Fourier spectrum that is invariant
to dilation, translation, and rotation. The Fourier spectrum is used
to form the word template, or train the word model in the template-
based and the multiple hidden Markov model (HMM) recognition
systems, respectively. The recognition of an input word image is
based on the minimum distance measure from the word templates
and the maximum likelihood probability for the word models.

The segmentation-based technique uses a single hidden Markov
model, which is composed of multiple character-models. The tech-
nique implements the analytic approach in which words are seg-
mented into smaller units, not necessarily characters. The word
skeleton is decomposed into a number of links in orthographic order,
it is then transferred into a sequence of discrete symbols using vec-
tor quantisation. The training of each character-model is performed
using either: state assignment in the lexicon-driven configuration or
the Baum-Welch method in the lexicon-free configuration. The ob-
servation sequence of the input word is given to the hidden Markov
model and the Viterbi algorithm is applied to provide an ordered
list of the candidate recognitions.
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CHAPTER 1

INTRODUCTION

The origin of character recognition can be found as early as 1870. It
first appeared as an aid to the visually handicapped, by the Russian
scientist Tyurin in 1900 [GS90]. In 1929, Tausheck obtained a patent
on OCR in Germany and in 1933 Handel did the same in the United
States [MSY92]. OCR machines have been commercially available
since the beginning of the 1950s [GS90, MSY92, Nag92].

The spectacular progress of OCR since its commercial debut has
been due to advances in process and digitiser technology rather than
to improved classification techniques for isolated patterns. New
methods for recognising entire documents are currently in more
demand than better character-by-character feature extraction and
classification algorithms.

Hundreds of papers have been published on alternative line-thinning,
contour-following, feature-extraction and classification algorithms.
Most of these methods are restricted to isolated characters. It was
not until the last three decades that the attention of university re-
searchers turned to hand-printed rather than machine-printed char-
acters, with a few experiments on cursive script.
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This dissertation presents two techniques used to recognise words
in Arabic manuscripts: the holistic technique and the analytic tech-
nique. The holistic technique or word shape recognition treats the
word as a whole. Features are extracted from the unsegmented
word image and compared against all words in the lexicon. Each
word is represented by a single template or hidden Markov model.
The analytic technique tends to decompose the word into smaller
units which are then transformed into an observation sequence. Two
schemes are implemented using this technique. The first scheme
represents the whole lexicon using a single hidden Markov model.
The model parameters are estimated by incorporating the high-level
knowledge from the lexicon, initial-letter and letter-transition proba-
bilities, and the low-level knowledge from the training samples. The
second scheme is lexicon-free. It solely depends on the low-level
knowledge from the training samples. Each letter in the alphabet
is represented by a single hidden Markov model. A global model is
composed by interconnecting the character-models. Each word in
this technique has one or more paths through the global model.

1.1 Research Scope

There are two major forms of language: written and spoken. The
written form, which represents the focus of this work, is contained
in printed documents and in handwritten matter. Because of the
great importance of the written language to human transactions,
recognising different written materials automatically represents a
practical significance.

1.1.1 Document Analysis

Document analysis aims to encode any information presented on
paper and intended for human comprehension into an appropriate
electronic form [SLG192, SBB192, SL95, Sri86). A document may
consist of text, line drawings, tables, and pictures, see Fig 1.1. Doc-
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ument analysis is a very important step towards office automation.
Another and a more demanding application is to recognise ancient
manuscripts. This interest also includes the transliteration of non-
English manuscripts such as Arabic and Syriac into the Latin al-
phabet.

There is an overwhelming number of historical Arabic manuscripts
awaiting transliteration into machine-readable form. Currently, this
process is carried out manually. The manual task is tedious, time
consuming and costly. On the other hand, standard OCR methods
are not applicable to even the most carefully written of these texts,
because the script is cursive and difficult to segment into meaningful
character units.

1.1.2 Arabic Text Recognition

Character recognition, or more generally text recognition, is con-
cerned with studying the automatic reading of a script. It is very
important to realise the limitations of technology as the human abil-
ity to read a document which has been poorly written is currently
unattainable by means of technology. This is due to the fact that
the human utilises the ability to understand the context in which the
character appears in order to simplify the problem of recognition.
This recognition is more difficult when considering cursive text.

Arabic language provides a rich source of technical challenges
for recognition and transliteration algorithms. The most obvious
characteristic of the Arabic language is that it is written from right-
to-left, however this is not a problem. Arabic scripts are inherently
cursive: writing isolated characters in ‘block letters’ is an unaccept-
able and unused writing style. The letters are context sensitive.
Certain character combinations form new ligature shapes which are
often font dependent. Some ligatures involve vertical stacking of
characters. Since not all letters connect, word boundary location
becomes an interesting problem, as spacing may separate not only
words but also certain characters within a word.

Letters are formed by calligraphic curved strokes that may dis-
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Figure 1.1: Two samples of Arabic document images.
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Figure 1.2: Fundamental steps to recognising Arabic text.

play a wide variation of affine and non-affine distortions used for
flourishes or other decorative purposes. While variation of individ-
ual letter-forms does not arise in typescript, it is normal in hand-
writing. An important note here is that margins are justified not
by adding spaces to the line as in English, but by elongating the
baseline strokes of certain letters within the words.

There are five fundamental steps in any Arabic text recognition
system: image acquisition, preprocessing, segmentation, feature ex-
traction, and classification and recognition, see Fig 1.2. The image
acquisition step acquires the digital image of the text using an imag-
ing sensor. If the output of that imaging sensor is not already in
digital form, an analogue-to-digital converter digitises it. The sec-
ond step is the preprocessing step which aims to improve the text
image by enhancing contrast and removing noise. The third step
is segmentation in which the text image is partitioned into its con-
stituent parts. The raw text image or its segments are not suitable
for the recognition process. The feature extraction step is describ-
ing the input image so that features of interest are highlighted. This
step results in some quantitative information of interest or features
that are basic for differentiating one class of objects from another.
Finally, the classification and recognition step assigns a label to an
object based on the information provided by its description.
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1.1.3 Arabic Text Transliteration

Transliteration aims to write the Arabic text in Latin characters
such that both representations are phonetically identical, see Fig 1.3.
An important feature of Arabic text which affects the translitera-
tion process is the presence of diacritics. These are marks placed
above and below characters to represent vowels and consonant dou-
bling. However, for a fully diacritised Arabic word it is possible
to reach one-to-one matching with its English counterpart. On the
other hand, for an undiacritised Arabic word there are a number of
transliterations. Currently, the transliteration process is carried out
manually. In practice, diacritics are optional as Arabic readers are
accustomed to reading undiacritised text and inferring the meaning
from the context.

yatamayyaz alnassa alorab? bi-canna hurafeh muttasilt,

At o Jl g5l A A
kama *anna Sakl alhrf yatamid da mawqicahu fi alkalimat

G G s e sk A1 K5 G

Figure 1.3: A sample of Arabic text, and the transliterated version.

1.2 Motivation

Arabic text recognition is a very important subject for both Arabs
and non-Arabs. Arabs consider it as a valuable tool for transforming
all printed materials into electronic media, while non-Arabs look at
it as an intermediate step towards fully transliterating Arabic text
particularly ancient Arabic manuscripts.

There is a very rich collection of Arabic manuscripts around the
world, many of which are extant in the UK. The estimated number
of these manuscripts exceeds three million [EID98]. Scholars need
such texts in machine readable form to prepare critical editions of
Arabic sources. Most scholars rely on typists who have the necessary
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language skills. However, such individuals are rare, which burdens
them with excessive work. The result is a slow and invaluable pro-
cess.

The cursiveness of the script and the character shape sensitivity
to context both confound conventional OCR techniques, which are
inclined to treat legitimate variation as noise rather than as inherent
characteristics of the data. The effect of legitimate variation on most
trainable systems such as neural networks is often to widen classi-
fication tolerances rather than to model the context dependency at
the root of the variation.

1.3 Objectives

A long-term goal is automatic transliteration of Arabic script. The
aim of this dissertation is to make progress towards this goal by
designing and implementing a recognition system of typewritten and
handwritten Arabic script. This script may be machine-printed or
handwritten. There are also underlying goals which harmonise with
the main objective:

e Transliterating an Arabic text image requires first recognising
that text therefore one goal is to improve upon previous work
on typed/hand written optical character/word recognition.

e An important step towards recognising a text image is feature
extraction. This dissertation investigates two feature types:
global transformation features and structural features.

e The classification algorithm is the decision-making step in the
recognition process. This dissertation investigates the imple-
mentation of trainable statistical classification models, Hidden
Markov Models, to perform the classification and the recogni-
tion task.
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1.4 Research Approach

The main challenge to any Arabic text recognition system is the cur-
siveness of the script. This dissertation explores two techniques to
solving this problem: a segmentation-free technique, and a segmentation-
based technique. Both techniques implement Hidden Markov Mod-

els in order to recognise words in Arabic manuscripts.

1.4.1 Segmentation-Free Technique

This technique recognises the entire word as a portion of connected
characters without prior segmentation. This involves analysing the
word shape with a unique vector of features. The feature vector may
then be matched against a database of analogous feature vectors, or
represented in attribute/value form to an inductive learning system
such as Hidden Markov Models. At some locations of the disserta-
tion, this technique is referred to as the word-model technique, since
each word is represented by a separate prototype/model.

1.4.2 Segmentation-Based Technique

This technique attempts to decompose the word image into smaller
links which are then described by using the feature space of the
problem. The image word is transformed into a sequence of fea-
ture vectors suitable for training a hidden Markov model. At some
locations of the dissertation, this technique is referred to as the
character-model technique, since each word is represented by a sep-
arate path through the hidden Markov model and each path is a
concatenation of various characters.

1.5 Contributions

The following are the contributions of the research presented in this
dissertation, introduced in twofold: extracted features and classifi-
cation algorithm.
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1.5.1 Extracted Features

Two types of features are implemented in this dissertation to de-
scribe cursive Arabic words: the global transformation features and
the structural features.

1.5.1.1 Global transformation features

This dissertation presents a method to describe cursive Arabic words
using the two-dimensional Fourier spectrum of the normalised polar
equivalent. The method results in a two-dimensional feature vector
that tolerates changes in size, displacement, and rotation. This
feature vector can be used by its own as a word template, or divided
into wedge-shaped sectors and used as an observation sequence, after
vector quantisation, to train the hidden Markov model.

1.5.1.2 Structural features

Two different structural feature sets are presented in this disserta-
tion. Although some of these features are known and have been used
before, the combination of various features in a single feature vector
can enhance the discriminating ability within the feature space.

1.5.2 Classification Algorithm

Recently, hidden Markov models have been successfully applied to
character/word recognition. This dissertation implements two dif-
ferent approaches of hidden Markov models to recognise cursive
words in Arabic manuscripts: the model discriminant approach and
the path discriminant approach.

1.5.2.1 The model discriminant approach

This approach builds one hidden Markov model for each word in
the lexicon. Given an observed pattern, which represents the whole
word, the matching score against each model is calculated and the
word image is identified with the class/word whose model gives rise
to the maximum score.
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1.5.2.2 The path discriminant approach

This approach builds only one model for all the words and uses dif-
ferent paths (state sequences) to distinguish one pattern from the
others. A pattern is classified to the word which has the maxi-
mum path probability over all possible paths. Further within this
approach two different schemes are implemented:

e lexicon-driven scheme: 'This incorporates the knowledge from
the given lexicon with that from the training samples to esti-
mate the model parameters.

e lexicon-free scheme: 'This is composed from smaller character-
models. Each character-model is represented by a separate hid-
den Markov model. The model parameter estimation is solely
based on the low-level pixel-based knowledge of the training
samples.

A considerable improvement is made when more than merely the
best path is recovered. This is achieved by extending the Viterbi
algorithm variables to another dimension which represents the list
of choices.

1.6 Dissertation Overview

The formal organisation of the dissertation is illustrated in Fig 1.4,
and it is as follows. Chapter 2, entitled “Theory and Literature
Review”, provides a review of the theory of Arabic recognition sys-
tem. The characteristics of Arabic writing are presented with an
emphasis on different writing styles. The concept of transliterating
Arabic script is also introduced. The process of recognising Arabic
text is broken into a sequence of steps. These steps are separately
discussed, and previous research work on each step is reviewed. This
chapter ends with an overview of available Arabic OCR softwares.
Chapter 3, entitled “Methodology: Useful Techniques”, Intro-
duces two important tools that are used throughout this disserta-
tion. It first shows how Vector Quantisation is used to code a fea-
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Segnent at i on- Based/
char act er - nndel Techni que

Segnent at i on- Fr ee/
wor d- nodel Techni que

Chapter 8

Chapter 9

Chapter 10

Figure 1.4: The formal organisation of the dissertation.

ture vector into one of a fixed number of discrete symbols in order to
reduce the computation required in a recognition system. The chap-
ter also discusses the theory and implementation of Hidden Markov
Models to word/text recognition.

Chapter 4, entitled “Arabic Manuscript Samples”, illustrates a
number of handwritten manuscripts from the Cambridge University
Library (UL), some of these manuscripts are 800 years old. The
chapter also presents four typewritten computer-generated font faces
which feature ligature and overlap structures. A total of thirteen
different typewritten and handwritten fonts participate in forming
word samples used in this dissertation for training and recognition
purposes.
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Chapter 5, entitled “Spectral Features Of Arabic Words”, dis-
cusses the two step technique which provides the word feature vec-
tor. A normalised Polar Transform followed by an application of the
two-dimensional Fourier Transform produces a word Fourier spec-
trum that tolerates changes in size, displacement, and rotation. This
two-dimensional feature vector is utilised as a word template by
the recognition system presented in Chapter 6, entitled “Template-
Based Recognition System”. The system is a lexicon-based recog-
niser where each word in the lexicon is represented by a single tem-
plate. Two different frequency bands are used to investigate the
recognition capability of this scheme which is based on the mini-
mum distance measure.

Chapter 7, entitled “Multi-HMM Recognition System”, presents
a continuation of spectral feature based recognition system. It pri-
marily divides the Fourier spectrum into six wedge-shaped sectors
to transform it into a one-dimensional observation sequence. Ob-
servation sequences are used to train word models where there is a
separate hidden Markov model for each word in the lexicon.

Chapter 8, entitled “Structural Features Of Arabic Words”, dis-
cusses how to extract structural features from Arabic script. The
chapter first applies an algorithm to produce a spurious-branch-free
skeleton from a word image. It then decomposes the skeleton graph
to smaller links from which two different feature sets are extracted.
After excluding links that represent loops, the pool of feature vec-
tors is partitioned into various classes using vector quantisation.
The chapter ends by showing two examples of how to transfer a
word image into a sequence of discrete symbols.

Chapter 9, entitled “Single HMM Recognition System”, utilises
the observation sequences produced in Chapter 8 to build a recog-
nition system which is based on a single hidden Markov model. The
chapter provides two configurations: the lexicon-driven configura-
tion and the lexicon-free configuration. It shows how the first con-
figuration inherits the initial letter and letter-transition probabilities
from the vocabulary to estimate the model parameters. The chapter
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also implements the Baum-Welch method to train character-models
which form the lexicon-free hidden Markov model. Finally, the mod-
ified Viterbi algorithm is applied to provide an order list of the best
paths through the hidden Markov model in both configurations.

Chapter 10 summarises the main conclusions of this research.
The chapter also highlights some of the opportunities for future
work based on the current research.






CHAPTER 2

THEORY AND
LITERATURE REVIEW

2.1 Introduction

Among the branches of pattern recognition is the automatic reading
of a text, namely, text recognition. The objective is to imitate
the human ability to read printed text with human accuracy, but
at a higher speed [GS90]. According to [AM95b], a useful target
performance is 5 characters/second with a 99.9% recognition rate,
with all errors being rejections.

There are three factors pushing toward text recognition. The
first two are the easy use of electronic media and its growth at
the expense of conventional media. The third is the necessity of
converting the data from the conventional media to the new elec-
tronic media. This factor motivates the vast range of applications
of off-line text recognition, which includes automatic mail routing
[DTLH92, DFV97], machine processing of forms [CDD97], bank
cheques [GS98a, GS98b|, printed newspapers [GMC*97], and sig-
nature verification [FB99].

Most optical character recognition methods assume that indi-
vidual characters can be isolated, and such techniques, although
successful when presented with Latin typewritten or typeset text,
cannot be applied reliably to cursive script, such as Arabic, where
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the shape of the character is context sensitive. This feature, besides
other characteristics of the Arabic language, has obliged researchers
to examine some obstacles which have only recently been addressed
by researchers of other languages. These obstacles have played an
important role in delaying character recognition systems for Arabic
language compared to other languages such as Latin and Chinese.
Additional factors involve: the early start of these systems for Latin
(1940s) and Chinese (1960s), the absence of scientific journals and
conferences specialised in the field which caused a lack of communi-
cation between researchers, and the absence of support utilities such
as a language corpus and electronic dictionaries.

Recently, a number of papers which analyse the work done on
Arabic character/word recognition have appeared. Some of these pa-
pers deal with both on-line and off-line recognition [Sho89, AA93b,
AM95b, EN98|. Others focus only on off-line recognition [AK94,
AA96, Ami97, Ami98al.

2.2 Arabic Writing Characteristics

The Arabic language has a very rich vocabulary. More than 200
million people speak this language as their native language, and over
1 billion people use the Arabic language in several religion-related
activities. The alphabet set used to write this language is the Arabic
alphabet, see Table 2.1. There are also a number of languages that
use the Arabic alphabet, such as Persian [PT81), Kurdi [G98], and
Jawi [MHY98|.

Arabic script is written from right to left. As opposed to starting
from the left-most position of the page as for Latin, Arabic script
starts from the right-most position of the page towards the left in a
cursive way, even in machine-printed form dele au J..J‘ Ll:iﬂ :

The Arabic alphabet consists of 28 basic letters, which consists
of strokes and dots. Ten of them have one dot, three have two
dots, two have three dots. Dots can be above; 2 (), below; (s ©,
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Character | Isolated | Initial | Middle | End | Transliteration
Alif [ i L L a
Ba’ < - = | - b
Ta’ ) ) = S t
Tha’ & 3 ol G 1
Jeem C - - z g
Ha’ d - e - h
Kha’ C = o c h
Dal > > k. k. d
Thal 3 3 A A d
Ra’ J - - r
Zy J F | z
Seen o —— o~ s
Sheen g =3 e S §
Sad e —o —a e s
Dhad o -5 a | e d
T’ah L L Lo L t
The’ah L L L L 2
Ain t = - & <
Gain t = e & d
Fa < ) e 2 f
Qaf o = e RS q
Kaf B} 5 < cu k
Lam J J A F l
Meem ¢ - —_ - m
Noon ) 5 - o n
Ha’ 0 -2 -+ “ h
Waw k) k) > | & w
Ya S - - - y

Table 2.1: The Arabic alphabet set. Each character may have up to four
different shapes. The transliterated form of each character is illustrated in the
right column.
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or in the middle; & z of the letter. The shape of the letter is
context sensitive, depending on its location within a word, as shown
in Table 2.1. A letter can have up to four different shapes: isolated,
beginning connection from the left, middle connection from the left
and right, and end connection from the right. Most of the letters can
be connected from both sides; the right and the left. However, there
are six letters which can be connected from one side only; the right.
These letters are grouped in the following two words: ‘154 ,3’. This
characteristic implies that each word may form one unit or more
(sub-words), and each sub-word may contain more than one letter.
As an example, consider the two word ‘e - Mohammad’ and ‘ 3 &

- Arab’. While the word ‘ as#’ forms a single connected component,

the word ‘ 3 ¢’ forms two connected components. The reason is

that all letters in the first word can be connected from both sides,
while the letter ‘;’ in the second word may only be connected from
the right side which causes a discontinuity of cursiveness.

Some Arabic letters may have a zig-zag-like stroke called Hamza.
This additional character can be on Alif ’i’ , below alif ’j’ , on Waw

) &)

§ ,on a Alif-Magsura ’% , or isolated on the line ’¢’. Another
non-basic character is Ta-Marbuta. It is a special form of the letter

Y o ?

<, and it is always at the end of the word. It can be connected

as in 4s w or isolated as in 3 ).
Writing styles may be classified according to their complexity
into three categories:

1. Typewritien or machine-printed: Thisis a computer-generated
style and it is the simplest among all styles because of the
uniformity in writing a word.

2. Typeset: This is normally used to print newspapers and books.
Typeset style is generally more difficult than the machine-printed
style because of the existence of overlaps and ligatures which
poses a challenging problem, see Fig 2.1. Ligatures occur when
two or more letters overlap vertically and touch. By contrast,
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Overlap ;}% ** Ligature

Figure 2.1: A sample of Arabic writing. The two word are Z.a.".{ii - The

caliph’ and * K, 71 - Abu Bakr'.

overlaps occur when two or more letters overlap vertically with-
out touching. Recently, some computer-generated fonts have
imitated the typeset style in providing ligatures and overlaps.

3. Handwritten: This is assumed to be the most difficult style be-
cause of the variations in character shape even if it is rewritten
by the same person. Handwritten style may be further classified
into: scribe, personal, and decorative. Scribe is more carefully
written than the personal handwriting style that represents
the daily usage of Arabic alphabet by individuals. Few peo-
ple are able to perform an exquisite scribe handwritten script.
A good example of scribe handwritten scripts is in the Arabic
manuscripts which represent a point of interest for this research.
Scribe handwriting is certainly different from decorative hand-
writing which is normally used for adornment purposes.

A Baseline is an important aspect of Arabic writing. This is a
horizontal line that runs through the connected primitives of a text.
In a binary image test, the baseline is assumed to have the maximum
number of black pixels. This assumption is no longer valid if the
script is skewed, refer to Sec 2.4.2.2. If the script is handwritten the
baseline is not usually straight, and may only be estimated.

Arabic characters may have diacritics which are written as strokes
and can change the pronunciation and the meaning of the word.
Diacritics may appear as strokes above the character as Fat-ha in
&JJ , Dhamma in Jj>f , Sukun in Q'Ki , Shadda in 3%, or



20 THEORY AND LITERATURE REVIEW Ch.2

Maddah in ol , or below the character as Kasra in J;j Tanween
is a form of diacritising Arabic script but with double Fat- ha as in
m double Dhamma as in sdw, or double Kasra as in sdw These

diacritics perform an essential function in transliterating an Arabic
script as described below. In spite of this importance, text may be
undiacritic and readers of Arabic are accustomed to inferring the
meaning from the context.

2.3 Arabic Script Transliteration

Arabic transliteration into English intends to interpret an Arabic
text in English standard machine readable letters such that both
representations are phonetically identical. In other words, Arabic
transliteration is concerned with rewriting Arabic words in the Latin
alphabet. One reason for transliteration is that it is not always
possible to render an Arabic text into English. This is because at
times there is no corresponding equivalent for an Arabic word in
English. As a result, transliteration can serve two purposes: acting
as an intermediate step toward translation and transforming the
Arabic script into Roman letters so it can be easily read by non-
Arabic readers.

Transliteration is affected by diacritics, as mentioned previously,
which play an important role in pronouncing a certain word. To
illustrate this with an example: consider the following word ¢ 4%,

which can be pronounced as either i:,f kuliyyt - college’, or ¢ &
kilyat - kidney’. Thus, for an undiacritic Arabic word there may
be a vast number of transliterations whereas for the diacritic Arabic
word it is usually a one-to-one table matching process. To remedy
the problem of undiacritised words, a two-way Arabic morpholog-
ical system (analysis/generation) has been developed to deal with
voweled, semi-voweled, and non-voweled Arabic text [EH89]. The
system consists of three separate modules: computational lexicon,
Arabic grammar model, and an analyser/generator. The output of
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the system is either a possibly different morphological analysis for a
given word and the corresponding vowelisation, or a set of voweled
words generated according to specified morphological information
given by the user in a natural Arabic form.

Currently, there are five major transliteration schemes used to
catalogue printed Arabic materials [Eld99]; each one of them has
its own peculiarities. These standard sets are from the Library of
Congress (LC), the British Standards Institution (BSI), the Ency-
clopedia of Islam, the International Journal of Middle East Stud-
ies (IJMES), and the International Standards Organisation (ISO).
Among other differences between these standard sets, it is unneces-
sary to have one Latin letter for each Arabic peer, e.g. the first four
schemes transliterate ‘ &’ as ‘shr’ where ISO transliterates it as © &r
. When de-transliterating ‘shr’ the five schemes give two different
answers: ‘ & and p~’. The result is that unless the same translitera-
tion scheme is used while preparing the transliterated version of all
manuscripts it is necessary to employ more than a single query to
retrieve all possible matches. Another drawback in using multiple
transliteration schemes is that two different Arabic words may have
the same transliteration, and this is quite common in transliterating
names.

In [AFCBY94], a hybrid algorithm which automated the translit-
eration process of Arabic names in real time using neural networks
and knowledge-based systems was presented. A more motivating ap-
plication was presented in [Vas98|, where a list of commands were
used to convert romanised data in the American Library Associa-
tion and Library of Congress (ALA/LC), and the British National
Bibliography (BNB) into Arabic script. The author reported that
the most common ambiguity was in the conversion of romanised
words ending in ’ah’ or ’at’, which could represent s , o, or 3 in
the original Arabic word.

The transliteration scheme must be capable of retrieving the orig-
inal Arabic script without any loss of information. Most of the stan-
dard sets, mentioned above, except ISO, have a certain ambiguity
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concerning this issue. For instance, th, sh and dh may be considered
as &, & and > or as &, 4w, and o>. ISO solved the problem by

using a diacritical mark above z g - C g’, or below * d h -
'C h’ the letter. Unfortunately, this inhibits using standard word

processing. The Encyclopedia of Islam underlines the two letters
each time it represents one character such as th for &, sh for g,

and dh for . In this dissertation, the ISO standard set, which is

given in [Lag93] and shown in Table 2.1 is used for transliterating
Arabic words.

2.4 Arabic Text Recognition System

The Arabic text recognition system can be broken down into a num-
ber of stages: image acquisition, preprocessing, segmentation, fea-
ture extraction and classification and recognition. Fig 2.2 illustrates
these stages according to their order of occurrence.

The techniques described in this section are illustrated by ap-
plying my implementation of these techniques to Arabic manuscript
samples listed in Chapter 4.

2.4.1 Image Acquisition

This is the first step in the recognition system. The objective is
to acquire the text and transform it into a digitised raster image.
Fig 2.3 shows two types of character recognition systems in terms
of acquiring their input: on-line recognition systems and off-line
recognition systems.

The on-line recognition system recognises the text as it is being
written [AU90, Ali97]. The preferred input device is an electronic
tablet with a stylus pen. The electronic tablet captures the (x,y) co-
ordinate data of pen-tip movement which typically has a resolution
of 10 points /mm, a sampling rate of 100 points/s, and an indication
of pen-up and pen-down [WMOQO92|. The on-line recognition system
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Figure 2.2: A general diagram for the Arabic text recognition system.

has two major advantages: the high-recognition accuracy and the
interaction. The first advantage is that on-line recognition captures
a character as a set of strokes which are represented by a series of co-
ordinate points. The second advantage is that it is very natural for
the user to detect and correct unrecognised characters immediately
by verifying the recognition results as they appear. On the other
hand, on-line recognition is limited to recognising handwritten text.

The off-line recognition system recognises the text after it has
been written or typed. The system may acquire the text using a
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Figure 2.3: Different text acquisition methods.

video camera [AY87, NUN88a, NUN88b, EA90, GUA92] or a scan-
ner [MAG91, AA91, Mah94, YVA96]. The latter is commonly used
because it is more convenient, it introduces less noise into the imag-
ing process, extra features such as automatic binarisation and image
enhancement can be coupled with the scanning process to enhance
the resulting image text and most importantly it is more relevant
to the problem of recognising manuscripts.

For document management applications the aim is to speed-up
the scanning process to maximum speed. The scanner, here, can run
for 300 dots per inch (dpi), and they are designed with a high vol-
ume document feeder and high-throughput Small Computer System
Interface (SCSI) that can process 85 pages per minute (ppm).

Lower resolution and poor binarisation can contribute to read-
ability when essential features of characters are deleted or obscured.
The resultant image can also be affected by the presence of marking
or stains or if the document has been faxed or copied several times.
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The latter causes the diminishing of contrast, the appearance of salt
and pepper noise and false appearance of text by becoming either
thinner or thicker than the original document.

Binarisation, or thresholding, is a conversion from a grey-level
image to a bilevel image, see Fig 2.4. A bilevel image contains
all of the essential information concerning the number, position and
shape of objects while containing less information. The simple and
straightforward method is to select a threshold value, then all pixels
with a grey-level below this threshold will be classified as black, and
those above as white.

(a) Original (b) Two Peaks = 10 (¢) G.L.H. = 146

(d) Entropy = 125 (e) Yager = 153 (f) I.S. = 144

(g) Min. Error = 253 (h) Mean = 193 (i) Pun = 215

Figure 2.4: Sample results from eight single-threshold selection methods.

The threshold must be determined from the pixel values found in
the image, for example the use of the mean grey level in the image
as a threshold. Another method is by using the histogram of the
grey levels in the image. Given a histogram and the percentage of



26 THEORY AND LITERATURE REVIEW Ch.2

black pixels desired, one can determine the number of black pixels
by multiplying the percentage by the total number of pixels, then
simply count the pixels in histogram bins, starting at bin 0 until
the count is greater than or equal to the desired number of black
pixels. The threshold is the grey level associated with the last bin
counted. Other approaches such as: using edge pixels, iterative
selection, the method of grey-level histograms, and using entropy,
can also be applied [Pav82, GW92, Par97].

2.4.2 Preprocessing

The OCR system depends upon both the original document qual-
ity and the registered image quality. The preprocessing stage at-
tempts to compensate for poor quality originals and/or poor qual-
ity scanning. This is achieved by reducing both noise and data
variations. All image acquisition processes are subject to noise of
some type, therefore there is no ideal situation in which no noise
is present. Noise can neither be predicted nor measured accurately
from a noisy image. Instead, noise may be characterised by its effect
on the image. There are two defined types of noise [Par97]: signal-
independent noise and signal-dependent noise. Signal-independent
noise adds a random set of grey levels, statistically independent of
the image data, to the pixels in the image. In signal-dependent noise
the value at each point in the image is a function of the grey level
there.

2.4.2.1 Smoothing

This reduces the noise in an image using mathematical morphology
operations. Two operations are mainly used, Opening and Closing.
Opening, opens small gaps or spaces between touching objects in
an image; this will break narrow isthmuses and eliminate small is-
lands. In contrast, Closing fills small gaps in an image, this will
eliminate small holes on the contour. Both Opening and Closing
apply the same basic morphology operations, namely, Dilation and
Erosion, but in the opposite order. Opening applies an erosion op-
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Figure 2.5: Two structuring elements. The origin is surrounded by a frame.

eration immediately followed by a dilation operation using the same
Structuring Element, see Fig 2.5. Closing applies a dilation opera-
tion immediately followed by an erosion operation, again, using the
same structuring element.

In Dilation a small area around a pixel is set to a given pattern.
This can be mathematically represented as

A®B={clc=a+b, a€ Abe B} (2.1)

A represents the image being dilated, and B is a second set of pixels
called a structuring element.

The erosion of image A by structuring element B can be defined
as

A6 B={d(B). C 4} (2.2)

It is the set of all pixels ¢ such that the structuring element B trans-
lated by ¢ corresponds to a set of black pixels in A. Fig 2.6 illustrates
the results of opening and closing using the two structuring elements
shown in Fig 2.5.

Another approach to reducing salt-and-pepper noise is by apply-
ing the median filter, see Fig 2.7. This is a small window, N x M,
which passes through all pixels in the image. The pixel in the centre
is replaced by the median value of all the pixels in the region. The
median filter is slow, requiring not only a pass through the image
of the window, but also needing the pixels’ values in that window
to find the median. Furthermore, it may reduce the contrast of the
edges and close small gaps between different objects in the image.
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Figure 2.6: Results of opening and closing using structuring elements in Fig
2.5, (a) the original text image, (b) opening (a) with SE;, (c) closing (b)
with SE,, (d) opening (a) with SE;, and (e) closing (d) with SE;
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Figure 2.7: Results of removing noise from the original text image in Fig 2.6
using median filter, window size is (a) 3 x 3, (b) 5 x 5, and (¢) Tx 7

At times, writing can be on a graph paper thus scanning the
original paper will produce an image disturbed by structured or pe-
riodical noise. In Fig 2.8, The Fourier Transform [GW92] is used to
determine where the peak frequencies are. The noise will correspond
to one of these and can be virtually eliminated by clearing those re-
gions in the frequency domain image that correspond to the noise
frequencies, and then back-transforming it into a regular image.

Mahmoud [Mah94] implemented a statistical smoothing algo-
rithm which modifies each pixel according to its initial value and
to the values of its 8-neighbours.
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Figure 2.8: Removal of grid lines using a notch filter.

2.4.2.2 Skew detection and correction

Scanning a document so that text lines are within about three de-
grees of the true horizontal is acceptable. This is feasible if the
document is aligned manually on the object glass of the scanner.
Recent scanners are equipped with automatic feeders which may
cause the document to rotate up to 20 degrees of the true horizon-
tal. One of the first steps in attempting to read this document is
to estimate the orientation angle, the skew angle, of the text lines.
This process is called skew detection, and the process of rotating the
document with the skew angle, in the opposite direction, is called
skew correction.

The common, and perhaps the most efficient approach to esti-
mate the skew angle is to use the Hough Transform [FS93, Par97,
JHF97], refer to Fig 2.9. The Hough Transform is a method for
detecting straight lines in a raster image. Each black pixel in the
image may be represented by infinite straight lines that pass through
this pixel and satisfy the following equation:

y=mz+c (2.3)

where (z,y) are the co-ordinates of the pixel, m is the slope of the
line and c is the intersection of the line with the Y axis.
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Figure 2.9: Skew detection, (a) document image rotated 18 degrees to the
left, (b) the Hough Transform of (a).

Another approach to estimating a skew angle is based on using
bounding boxes of connected components [Bai92]. However, imple-
menting this approach to Arabic text image may be misled by dots
and diacritics located above and below the word characters.

2.4.2.3 Document decomposition

A document image is a visual representation of a printed page. Typ-
ically, this page consists of blocks of text that are interspersed with
tables and figures. Methods of deriving the blocks can take ad-
vantage of the fact that the structural elements of a document are
generally laid down in rectangular blocks aligned parallel to the
horizontal and vertical axes of the page. The document decompo-
sition and structural analysis task can be divided into three phases
[SLGT92]: Phase one consists of block segmentation where the doc-
ument is decomposed into several rectangular blocks. Each block is
a homogeneous entity containing one of the following: a text, an im-
age, a diagram or a table. Phase two consists of block classification.
Each block is assigned a label (title, regular text, picture, table, etc)
using properties of individual blocks from phase one. Phase three
consists of a logical grouping and ordering of the blocks. For OCR
the concentration is focused on text blocks.

Work on Arabic has been limited to text documents, thus the
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Figure 2.11: Document connected components.

notation of document decomposition means the separation of text
lines and the segmentation of words and sub-words. The classical
method for identifying text lines in an Arabic text image is to use
a fixed threshold to separate the pairs of consecutive lines [AMS86,
AMS89]. An alternative approach [FA94] is to use the horizontal
projection and look for the pixel lines that have a density of zero,
then consider that every text line is situated between two blocks of
zero density pixel lines, see Fig 2.10. This method is enhanced by
identifying the lines of pixels that have the largest density in the text
[FA98]. The upper and lower parts are then analysed with respect
to these lines.

The next phase is to segment a text line into words and sub-
words. Words and sub-words are determined by inspecting the ver-
tical projection [AM86, AM89, AB94]. An average threshold value
computed from all vertical gaps is used to determine whether a spac-
ing is an inter-word spacing or an intra-word spacing as shown in
Fig 2.10.

Another attempt at decomposing the Arabic script into words is
based on the Connected Components [Par97] of that script, shown
in Fig 2.11. Abuhaiba et al [AHD98] automated the process of
combining secondary strokes with appropriate main strokes. This
process depends on finding a perfect bipartite graph with minimum
cost, and it is known as Assignment Problem.
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2.4.2.4 Slant normalisation

This problem may be clearly seen in handwritten words, although
machine-printed words with italic fonts suffer from the same prob-
lem. Kim and Govindaraju [KG96, KG97] proposed an algorithm
to correct slant angle in which vertical and near vertical lines are
extracted by tracing chain code components using a pair of one
dimensional filters, each being an eight element array of different
weights. A convolution operation between the filter and five consec-
utive components was applied by sliding the filter one component
at each iteration.

2.4.2.5 Thinning and skeletonisation

These are the operations that produce the skeleton. A skeleton is
presumed to represent the shape of the object in a relatively small
number of pixels, all of which are structural and have semi-equal
distance from two or more contour points.

Thinning algorithms may be classified into parallel and sequen-
tial. The parallel algorithms [GH92, JC92] operate on all pixels si-
multaneously. In contrast, the sequential algorithms [YT90, Lar98]
examine pixels and transform them depending on the preceding pro-
cessed results. The approach in both cases is to remove the bound-
ary pixels of the character that are neither essential for preserving
the connectivity of the pattern, nor for representing any significant
geometrical feature of the pattern. The process converges when the
connected skeleton does not change or vanish even if the iteration
continues, see Fig 2.12. The literature contains many thinning algo-
rithms most of which are susceptible to noise in that the generated
skeletons are sensitive to even small variations in the input pattern
[Jai89, LLS92, GW92, RW96, Par97).

Most of the existing thinning algorithms operate by iteratively
stripping contour pixels. The main problem associated with this ap-
proach is that the computation speed is very low due to its layer-to-
layer stripping nature. An alternative is to implement a vectorisation-
based algorithm [FCW98| which operates directly on the run length
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Figure 2.12: Sample results of a number of thinning algorithms.

encoding of a binary image. Another alternative is driven by Eu-
clidean distance mapping [MFV98] which guarantees the invariance
under isometric transformation of the results. The computational
complexity of these algorithms have been considerably reduced with
respect to other thinning algorithms. Moreover, the results gener-
ated by these algorithms are better than those generated by tradi-
tional thinning algorithms.

Mahmoud et al [MAG91] proposed a new algorithm for skeleton-
isation of isolated Arabic characters that was based on clustering
the character image. The skeleton was then generated after finding
the adjacent matrix of different clusters. Finally, they refined the
skeleton by removing insignificant vertices.

2.4.3 Segmentation

By now the document image has been enhanced, decomposed into
blocks and text lines. In addition, words and sub-words have been
extracted from text blocks. At this stage, the system focuses on
how it prepares the words and/or the sub-words for the feature ex-
traction. As mentioned previously, cursiveness is the main obstacle
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facing any Arabic text recognition system whether it is on-line or
off-line.

Segmenting on-line Arabic handwriting [AM82, ES87, ES89, EE&9,
EE90a, EE90b] is much simpler than segmenting off-line machine-
printed Arabic words. This simplicity motivated the work carried
out in developing an algorithm to restore the temporal information
in off-line Arabic handwriting so that on-line recognition systems
may be used [AA93a].

Arabic text recognition systems can be categorised, relative to
their approach in tackling word segmentation, into segmentation-
based systems and segmentation-free systems.

2.4.3.1 Segmentation-based systems

These can be divided into four categories:

1. Isolated/pre-segmented characters: Researchers here recognise
numerals [AH89, SYS99], isolated characters [NST84, AAF96],
or assume that these characters result from a reliable segmen-
tation algorithm [AKHMS80, EE90a, Mah94, AM95a]. These
systems are not practical except if we consider mathematical
formulas or the indexing of diagrams.

2. Segmenting a word into characters: This is the first approach
used for segmentation [Ami85, SY85, Ami88]. The system at-
tempts to segment a word into its characters then recognise
each character separately. The reason behind the emergence
of this approach is the simplicity of the recognition afterward
since the cursiveness obstacle is not present and the problem is
now similar to Latin OCR.

Some research [Ami88, AM89, AA91] has proposed segmenta-
tion algorithms that are based on the vertical projection of the
word image. The connectivity points show the least sum of the
average summation over all columns. This results in a num-
ber of segments which are then connected together to form the
basic shape of the character, see Fig 2.13.
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Figure 2.13: Segmenting a word into its characters

Another technique uses a two level segmentation scheme [AU92].
After segmenting a word into its characters using horizontal and
vertical projections, a lower level of segmentation is applied to
isolate the dots and zigzag-like shapes.

In [YVAO6] the segmentation stage partitions a sub-word into
its character segments. The algorithm is based on extracting
a subset of key feature segments in the sub-word and identify-
ing cut points in each segment. The subset of the key feature
segments is obtained by tracing the contour in the clockwise
direction. Dots and diacritics are not considered during seg-
mentation. This type of segmentation is a cause of recognition
errors and hence a low recognition rate.

. Segmenting a word into primitives: This segments a sub-word

or connected component into symbols where each symbol may
represent a character, a ligature, or possibly a fraction of a
character, see Fig 2.14.

Abdelazim and Hashish [AH88| calculated the vertical projec-
tion for each column, then obtained significant primitives by
traversing the resulting curve with a selected threshold value.
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Figure 2.14: Segmenting a word into primitives.

The baseline represents an important feature for Arabic writ-
ing. Parhami and Taraghi [PT81] identified a sequence of
connection points on the baseline of Farsi script, which uses
the Arabic alphabet. The connection point is where the base-
line changes from/to its normal thickness. The alphabet was
then divided into three major groups. Again the baseline was
utilised in an indirect manner when Tolba and Shaddad [TS90]
slid a window along the direction of writing and at each in-
stant a segmentation parameter was calculated to match the
content of the window with a predefined set of primitives. If
the segmentation was less than a certain threshold the region
was marked as a “Silence Region”.

Motawa et al [MAS99] applied Morphological operations, open-
ing and closing, to a word image to allocate singularities and
reqularities. Singularities represent the start, the end, or the
transition to another character. Regularities contain the in-
formation required for connecting a character to its successor.
Accordingly, these regularities are excellent candidates for seg-
mentation.
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Some researchers extracted the dots and the diacritics in ad-
vance. The connected components were then segmented into
meta character glyphs [Has94], principal strokes [GUA92], or
character segments [A1194).
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Figure 2.15: Segmenting the contour of a word.

The set of boundary pixels or the contour includes important
information of an object which can be segmented into prim-
itives [EAIK94], see Fig 2.15. This may be done by finding
points on the contour where there is a transition from a column,
which has all its black pixels within the baseline boundaries, to
another column, which does not [Al195]. Another approach is
completely based on tracing the outer contour [EG88, AA96] of
a given word and calculating the distance between the extreme
points of the intersection of the contour with a vertical line.

Kavianifar and Amin [KA99] divided the contour into three
classes: main body or stroke, complementary character, and
noise. They set two thresholds to help find the equivalent con-
tour class based on the contour length.

A skeleton is a compact representation of a word image. It can
be traced in the same way that Arabic writing is taught to seg-
ment the word into a stroke sequence [AY87, GU94], structural
features such as loops and branches [ZTF91], or principal and
secondary strokes [YVA96]. Alternatively, a character skele-
ton can be converted to a tree structure and each character is
then represented by a single fuzzy constrained character graph
model [AMG94].
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Al-Muallim and Yamagushi [AY87] segmented a word into strokes.
The extraction of a stroke was made by finding out its start
point and then following the curve to a point which was in-
ferred to be the stroke endpoint.

4. Integration of recognition and segmentation: This claims that
the procedure resembles, to a great extent, the human recogni-
tion process. The segmentation here is performed after recog-
nition. The approach is to scan the word starting from the far
right and at each step either cluster a column to one of the
codebook entries [AMSH90] or calculate accumulative moment
invariants [REK88, ERK90]. The system is not always able to
recognise all characters which implied that all succeeding char-
acters in that sub-word would not be processed. To remedy this
drawback, El-Dabi et al [ERK90] developed a backup scanning
algorithm that was triggered when such a blockage happened.

Mosfeq [Mos96] presented a segmentation algorithm as a cen-
tering operation involving a focus of attention. A character
was correctly segmented if it appeared in the centre of a large
window regardless of what else appeared in that window.

2.4.3.2 Segmentation-free systems

This scheme of text recognition is motivated by discoveries in psy-
chological studies of the human reading process [ZS94]. It attempts
to recognise the whole representation of a word without trying to
segment and recognise characters or primitives individually. This
approach was originally introduced for speech recognition [RJ93].

One approach of the word level Arabic recognition was to analyse
the word shape with a unique vector of features, then this feature
vector might be matched against a database of analogous feature
vectors [ETV96], or represented in attribute/value form to an in-
ductive learning system [Ami98b].

Another approach implemented the morphological Hit-or-Miss
Transform [KD94] which was based on marking the location at which
a structuring element fits within a pixel set corresponding to a shape
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of interest and another structuring element lies outside the pixel set.
Shape primitives located on the whole page were then combined into
characters [AH96].

A third approach was based on choosing a text line as the ma-
jor unit for training and recognition [MLR ™96, MSLB98, BSM99].
When a page was decomposed into text lines the horizontal position
along each line was selected as an independent variable. Hence, a
text line was scanned from right-to-left and at each horizontal posi-
tion a set of features was extracted from a narrow vertical strip. The
system was based on hidden Markov models where each character
was represented by a separate model. The output was a sequence
of characters that had the highest likelihood.

2.4.4 Feature Extraction

A feature is a measurement made on a glyph, and combining it
into a vector is a simple way of collating multiple measurements.
Ideally, the features extracted from an image capture the essential
characteristics of the character or the word by filtering out all at-
tributes which make a character/word in one font different from the
same character/word in another. At the same time they preserve
the properties that make one character/word different from another
character/word. Feature types can be categorised into:

2.4.4.1 Structural features

Structural features are the most popular features investigated by
the researchers [GS90]. Structural features describe geometrical and
topological characteristics of a pattern by representing its global and
local properties [GW92, Sim92, Par97].

The extracted structural features depend on the category of the
pattern to be classified. For Arabic character, word and text recog-
nition, the features include strokes and bays in various directions,
endpoints, intersection of line segments, loops, stroke positions rela-
tive to the baseline, dots and their positions relative to the baseline,
and zigzag [AH89, AA94, All94, GU94, FA94, AAF96, Amio8b|.



2.4 Arabic Text Recognition System 41

Feature space can be divided into more than one independent
division and the extracted features can be different in each division
[YVA96). Sometimes, based on the preliminary features, a charac-
ter/word image may be assigned to a certain group where further
feature extraction is carried out [AY87, ESEA91, ZTF91].

Structural features can tolerate distortion and variations in writ-
ing (multi-fonts and handwriting), however, they are not easy to
extract.

At times, it is very important to locate pixels with certain prop-
erties on the skeleton of a word to act as delimiters helping extract-
ing strokes [AY87, GU94, AAF96]. Alternatively, the word image
may be scanned vertically, column by column, in order to produce
a structural feature vector for each column [A1194].

2.4.4.2 Statistical features

Statistical features are derived from the statistical distribution of
pixels and describe the characteristic measurements of a pattern.
These include zoning [Kon94, MSLB98, BSM99], characteristic loci
[AMSH90], the ratio of pixel distribution between two parts of the
image [MEF87, Bou96, FA98] and moments [REK88, EA90, AB94,
San96].

In [MLR*96, MSLB98, BSM99], the text line was partitioned
into a sequence of narrow vertical overlapping frames with a width
that was a small fraction of the height of the line. Each frame was
divided into 20 equal overlapping cells. Features extracted from
each cell were: the intensity of a cell, the vertical and horizontal
derivative of intensity, and the local slope and correlation across a
window of two cells. The frame could have a one-pixel width as in
[AMSH90]. The system extracted a feature vector from each column
of pixels in the word image where each feature represented the length
of black/white pixel run.

Moment invariants refer to certain functions of moments [Jai89],
which are invariant to geometric transformations such as translation,
scaling and rotation [Hu62, GW92]. Moment invariants are sensitive



42 THEORY AND LITERATURE REVIEW Ch.2

to any change and multi-font recognition. To remedy this, Al-Khatib
et al [EATK94] integrated three feature extraction methods: moment
invariants, border transitions and perimeter-area ratio.

Generally speaking, statistical features are easy to extract nonethe-
less they may be misleading due to a fraction of noise brought forth
haphazardly according to the binarisation process.

2.4.4.3 Global transformation

Global transformation technique reduces the dimensionality of the
feature vector and provides feature invariants to global deformation
like translation, dilation and rotation. Zaki et al [ZEEES6] used the
projection transform to convert a character image of order M x N
into a projection vector of order M+N. Amin et al [AM86, AA91]
implemented projection transform to represent the character image
as a string of primitives.

Fourier descriptors (FDs) [ZR72] were successfully implemented
for Arabic OCR [EG88, Mah94]. FDs use the co-ordinates of the
contour pixels so the character’s closed boundary can be represented
by a periodic function. Mahmoud [Mah94] integrated another global
transformation technique with FDs which is the boundary line en-
coding technique. This technique is based on tracing the contour of
the character to generate directions, direction lengths and curvature
features.

Other researchers applied a chain-code transformation. Features
extracted from the freeman code [Fre61] may be described as direc-
tional vectors [AM89, Mah94| and they may be combined with other
features [SY85].

2.4.5 Classification and Recognition

A major task after feature extraction is to classify the object into one
of several categories. There are a number of various classification
techniques applied in text recognition.
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2.4.5.1 Minimum distance classifier

Given K different classes where each class is characterised by a fea-
ture vector prototype, the problem is to assign an input feature
vector to one of these classes according to a predefined discrimi-
nant function. The features can be geometrical [PT81], statistical
[ERK90, Mah94] or structural [SY85].

Abuhaiba and Mahmoud [AM95a] designed a set of fuzzy con-
strained character graph models, then an input character, which has
been converted to a tree structure, was assigned to the character
model which had the maximum degree of acceptance. This process
can be repeated on more than one level as presented in [ESEA91]
where a character was first assigned to the nearest group among
the 96 native groups. The character was then recognised as one of
the characters in the native group based on the minimum distance
between the input character and the template character. The com-
mon distance measure is the Euclidean distance [Pav82], but Ham-
ming distance and Ascher et al scores were also applied to recognise
Arabic characters [NUE88]. K-means clustering algorithm [RJ93]
was implemented successfully in Arabic OCR for one-dimensional
[ZEEES6] and two-dimensional [AH88] feature vectors.

2.4.5.2 Decision tree classifier

This classifier splits the N-dimensional feature space into unique
regions by means of a sequential method. The algorithm is such
that every class need not be tested to arrive at a decision. This
becomes advantageous when the number of classes is very large,
as in [Ami88, AM89, EA90, AA91], when the dictionary was com-
posed of a tree and the nodes were labelled with character names.
Each node of the dictionary was associated with a Boolean vari-
able indicating if the path joining the root to the terminal node
corresponded effectively to an existing word. If during the ongoing
sequential identification process several models are candidates then
the last mentioned attribute is calculated to make the final decision
[ZTF91]. As in the previous category, classification here can be a
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two-step process [AY87, EE90a, GUA92, GU9%4]. In the first step,
an input character is assigned to one of the main groups according
to some syntactic rules. Then, and relative to a more detailed fea-
ture vector, the input character is matched with one of the group
members.

Abdelazim and Hashish [AH88] implemented a template correla-
tion matching and a tree classifier to discriminate among primitives
in the same cluster group. The recognition process of an unknown
pattern was propagated sequentially by following a path through
the decision tree from the root node to the leaf node. The leaf node
was either labelled with an identified primitive or could be a reject
node. It was found that the tree method was faster than a template
matching against idealised reference patterns.

Amin [Ami98b] used the C4.5 learning algorithm to create deci-
sion trees to represent classification rules. A node in a tree repre-
sented a test on a particular attribute, thus when an object reached
a leaf node, it was classified according to the name of that leaf node.

2.4.5.3 Statistical classifier

This classifier assumes that different classes and the feature vector
have an underlying joint probability. One approach is to use the
Bayes classifier [AU92]. The Bayes classifier minimises the total
average loss in assigning an unknown pattern to one of the pos-
sible classes. The probability density function can be cumulative
[MEF87] therefore, at the end, the assignment is to that class with
majority samples.

Al-Badr and Haralick [AH94, AH96] implemented a three-step
recognition process: first they found instances of a set of shape
primitives on a text image, then they took the detected primitives
of a word and hypothesised a number of alternative strings as the
recognition of the word. The choice would be on the one with the
maximum posteriori probability. Finally, the probability of a match
was computed between the symbol model and the word image.

Hidden Markov Models are statistical models which have been
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found extremely efficient for a wide spectrum of applications, es-
pecially speech processing [JR85, EH88]. This success has mo-
tivated researchers to implement HMMs in character recognition.
Abdelazim and Hashish [AH89] first applied HMMs to recognise
Hindu numerals; ‘* Y YV £ 01YAQ - 0123456789’. Each numeral was
represented with a separate HMM. The observation sequence was
passed to all the ten models and assigned to the numeral with
the highest model probability of the observation sequence P(O|)).
Recently, HMMs have been implemented to recognise Arabic text
[A1195, MLR 96, MSLB98, BSM99]. The approach was to represent
each character by a left-to-right HMM model [RJ86].

In [MSLB98] and [BSM99], each character model had 14 states.
The model for a word was then a concatenation of the different
character models. The training algorithm was similar to that which
was used in the Byblos speech recognition system [MLR*96]. They
used the ground truth transcriptions which specified the sequence
of characters given the sequence of input features, the lexicon and
the language model.

2.4.5.4 Neural network classifier

OCR is one of the most successful applications that has been pro-
posed for neural networks. A Neural Network (NN) [Pao89] is a non-
linear system which may be characterised according to a particular
network topology. This topology is decided by the characteristics
of the neurons and the learning methodology. There are three main
advantages behind implementing NNs in OCR: NNs have faster de-
velopment times, they have an ability to automatically take into ac-
count the peculiarities of different writing/printing styles, and they
can be run on parallel processors. On the other hand, introducing a
new shape to the NN requires that the network be retrained, or even
worse, that the network be trained to a different architecture. An
intensive work can be found in the subject of Arabic OCR using neu-
ral networks [AB94, HB94, Has94, AAF96, AJAA96, Mos96, San96,
Bou96, AM97, FA98]. NNs can simply cluster the feature vectors
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in the feature space [AB94, AAF96, Bou96, San96, AM97, FA9§]
or they can integrate feature extraction and classification stages by
classifying characters directly from images [HB94, Mos96, Aud99].
NNs were also applied to recognise Arabic words on-line [Ala96].

Generally speaking, the common architecture of NNs used in Ara-
bic OCR is a network with three layers: input, hidden and output.
The number of nodes in the input layer varies according to the di-
mensionality of the feature vector or the segment image size. The
number of nodes in the hidden layer govern the variance of samples
that can be correctly recognised by this NN [EAIK94, SYS99].

In [San96), two different NN architectures were employed: archi-
tecture one was a network of 13 input nodes, 20 hidden nodes and
28 output nodes. In architecture two, the letters were divided into
six groups according to their similarities, e.g. & ‘& ‘C "C ‘C all fall
in one group. The problem was solved in two stages. In stage one,
the letter was classified into one of the six groups using a single NN
with 13 input nodes and six output nodes. In stage two, the letter
was classified by one of six different NNs, giving one network per

group.

2.5 Arabic OCR Software

Currently, there are four different software packages for recognis-
ing Arabic script. These packages are: TextPert 3.7 Arabic pro-
duced by CTA, ICRA 4.0 produced by Arab Scientific Software
& Engineering Technologies, OmniPage produced by Caere Corpo-
ration, and Al-Qari’ al-Ali 2.0 produced by al-Alamiah Software
Company. All these packages are only used for recognising type-
set and typewritten Arabic script. A number of critical evalua-
tions for these packages can be either obtained from the Internet
[BZ94, Ho095, Bel95, Zem96, Hoo96a] or found on the proceedings
of ICEMCQ’96 [BMZ96, Hoo96b]. Here they are recounted briefly:

1. TextPert: This runs on the Macintosh Arabic system, and it is
easy to use. However, training new fonts is not possible. The
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recognition rate was approaching acceptable standards when
the program was tested on very good simple texts, however
it virtually recognised nothing with more complicated fonts
[BZ94, Bel95]. As a consequence, until the training feature
is introduced to the software, its usage will be limited to those
who only want to scan certain kinds of computer-generated
documents.

2. ICRA: This runs under Microsoft Windows Arabic, and every
typeface needs to be learned. The training process takes about
one hour for each typeface. An experiment training this soft-
ware with a number of Arabic magazines [Ho095] showed that
using these texts in their ordinary size gave disappointing re-
sults. Enlarging the text about 20% improved the recognition
rate which ranged between 90% and 99.7%.

3. OmniPage: This runs under standard Arabic Windows 3.1 and
Arabic Windows for Workgroups 3.11, without customising.
It integrates with standard Arabic word processors including
Microsoft Word, Microsoft Write, and Accent. OmniPage does
not require any training of fonts [Zem96]. This is not essentially
an advantage, since the program commits the same systematic
error repeatedly without being able to learn from its failure.

4. Al-Qari’ al-Ali: This program was first developed by Dr. Rez-
van of the Russian Academy of Science at the beginning of the
1990s [BMZ96]. It is a segmentation-based system which com-
bines vector and bitmap analysis. The program is delivered
with a standard set of modern computer fonts which can be
recognised automatically. The main problem with this pro-
gram is the considerable amount of time it takes to train for
new fonts, especially typeset fonts with many ligatures. Ver-
sions 1.0 and 1.1 of this program run on al-Nawafidh al-Arabiya
which is an equivalent environment to Microsoft Windows but
in Arabic, and version 2.0 runs under Microsoft Arabic Win-
dows.
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2.6 Summary

In this chapter I have reviewed the previous work done in the field
of Arabic text recognition and transliteration. I have first discussed
the characteristics of Arabic writing that influence the process of
recognition. Then I have presented a general model for an Arabic
text recognition system. This model was divided into five stages:
image acquisition, preprocessing, segmentation, feature extraction,
classification and recognition. Research methods at each stage were
discussed and analysed. I have also discussed different standard
sets used for transliterating Arabic text. Finally, I have reviewed
the performance of four existing Arabic text recognition programs.



CHAPTER 3

METHODOLOGY:
USEFUL TECHNIQUES

3.1 Introduction

A character recognition system is composed of a collection of al-
gorithms drawn from a wide variety of disciplines such as signal
processing and statistical pattern recognition. Different recognisers
rely to varying degrees on the signal processing front end to convert
the character/word image to some form of parametric representa-
tion for further analysis and processing. This chapter presents the
techniques of Vector Quantisation (VQ) and Hidden Markov Models
(HMMs). VQ is a procedure for encoding feature vectors, extracted
from the character/word images, in a finite codebook of symbols.
This technique significantly reduces computation in the recognition
process. HMM is a statistical method of characterising features ex-
tracted from character/word images. The underlying assumption
of the HMM is that the character/word image can be well charac-
terised as a parametric random process, and that the parameters of
the stochastic process can be determined in a precise, well-defined
manner.
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3.2 Vector Quantisation

Any analogue quantity has to be converted into a discrete form
proportional to its amplitude before being processed by a digital
system. The straightforward conversion process may result in a
very high rate of discrete data. The requirement then is to convert
a stream of analogue or a very high rate of discrete data into a
stream of relatively low rate data for storage in digital memory.

Vector Quantisation (VQ) [Gra89] produces an approximation of
the distribution of a signal class in a codebook. Each incoming signal
is mapped to the nearest codebook vector, and the index of that vec-
tor is processed instead of the original signal. This method reduces
the storage required for data analysis, it reduces the necessary com-
putation to determine the similarity between various vectors. On
the other hand, coding the incoming signal using VQ will inherit
any distortion in representing the actual analysis vector. This may
lead to not assigning the incoming signal to that vector which best
represents the signal. This is quite common in character recogni-
tion with poor quality input. Another disadvantage of using the VQ
codebook is that the storage required for codebook vectors may be
costly, particularly for codebook sizes of 1000 and more.

There are two main V(Q paradigms: the vector quantiser with-
out memory, and the vector quantiser with memory. The vector
quantiser without memory encodes successive input vectors with-
out depending on any previous encoder input vectors or their coded
outputs. In speech processing, this type is suitable for utterances of
limited duration in order to provide efficient discrimination and sim-
ple computation. The vector quantiser with memory is a decoder
with feedback. This can be used when utterances are excessively
lengthy. Therefore, in order to capture the temporal characteris-
tics of these utterances, a different codebook is used for each input
vector.

In this section, the discussion is focused on the vector quantiser
without memory. Ishall inspect different elements essential to build-
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ing a VQ codebook and implementing a VQ procedure which are: a
training set, a distance measure, centroid computation, and a clas-
sification method.

3.2.1 Training set

A large training set is the corner stone to building a VQ codebook.
Assume an n-dimensional VQ which assigns each of the U input
vectors, x = (Zg,Z1,...,Tn-1), to one of its M symbols, where M
represents the codebook size. This process is based on a predefined
distance measure. The greater the diversity of the training set in
covering possible shapes of input vectors later to be processed by
the VQ, the smaller the quantisation error in representing the infor-
mation with a fixed-size codebook.

3.2.2 Distance measure

This is the cost of reproducing an input vector x as one of the M
codebook vectors. It can also be referred to as the distance between
two vectors x and X)

. =0 ifx=%

dlx, %) = { >0 Otherwise (3:1)

The main goal behind the VQ algorithm is to determine the opti-

mum set of M vectors such that the average distortion in replacing

each training set vectors by the closest entry in the codebook is

minimum. This can be phrased mathematically as finding the set
i, for a given M such that

Dy, = min — Z min [d( by, x3)] (3.2)

is minimum, where D,, is the average distortion of the vector quan-
tiser.

To define a distance function d on the vector space x as a real-
valued function on the Cartesian product x X x, this function should
fulfill certain conditions [RJ93]
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1. 0<d(x,y) < > VX,y € x
2. d(x,y) =0 = x=Yy.
3. d(x,y) = d(y,x) VX, y € X

4. d(x,y) < d(x,2z) +d(y,z) Vx,y,z € x

The distance measure to be used in this research is the un-
weighted Euclidean distance measure. This is the simplest and the
most common used distortion measure. It is mathematically repre-
sented as

d(x, p) = |[lz— al

(3.3)

3.2.3 Centroid Computation

The vector space is partitioned into cells where all input vectors
yielding a common reproduction are grouped together. Each cell is
equivalent to a codebook symbol or entry, and each codebook symbol
is represented by its centroid, fi. The assignment of an input vector
to one of the codebook symbols is based on the minimum distance of
that vector from all symbol centroids. The centroid in the case of a
squared-error distortion measure is simply the ordinary vector sum
of all input vectors encoded into a given codebook symbol. This is
calculated as follows

1 O
By = N—mZ:ZIXz
1 O

where m represents the current codebook symbol, and N, is the
number of vectors assigned for the codebook symbol m.
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3.2.4 Classification Algorithm

This is also called a clustering algorithm, and it automatically sep-
arates the training vectors into groups representing VQ codebook
symbols. There is no systematic approach to defining the most suit-
able number of classes in the codebook. The process of clustering
is part of a wider group of techniques referred to as unsupervised
learning. The reason behind this naming is that these techniques
are concerned with forming classes from training vectors without
benefit of supervision regarding class membership, or the analysis
of the statistical structure of the data.

There are two main clustering algorithms: the dynamic cluster-
ing algorithms and the hierarchical clustering algorithms. In the
dynamic clustering algorithms, a fixed number of clusters or classes
is used. At each iteration, training vectors are reassigned accord-
ing to a predefined distortion measure until a stable partitioning of
the vectors is achieved. In hierarchical clustering algorithms, each
vector is initially a separate cluster, then at each step of the algo-
rithm, the two most similar clusters, based again on a predefined
distortion measure, are merged until the desired number of clusters
is achieved.

3.2.4.1 K-means clustering

This is a dynamic clustering algorithm, and it is widely used par-
ticularly in speech processing. K refers to the number of classes in
the codebook. The procedure is straightforward: training vectors
are continuously reassigned to clusters, and the cluster centroids
updated until no further reassignment is needed. The flow chart of
this procedure is shown in Fig 3.1. The algorithm is decomposed
into two stages:

o Initialisation
Choose M vectors randomly out of the training vector set. Let
these M vectors be the initial centroids of the codebook sym-
bols.
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o Recursion

1. For each training vector use Eq. 3.3 to assign the closest
codebook entry based on the minimum Euclidean distance
measure. This step is known as the nearest-neighbour
search.

2. For each codebook entry use Eq. 3.4 to calculate the cen-
troid of all training vectors that fall in this class.

3. Check if the average distance falls below a predefined thresh
old. If yes proceed to the following step otherwise repeat
step 1.

4. The VQ codebook is trained and ready for usage.

Another version of the K-means clustering is to calculate the
centroid after each assignment of one of the training vectors. This
may be referred to as a running centroid.

3.3 Hidden Markov Models

The output of a real-world process may be observed in a form of
a continuous or discrete signal. The objective is to build a signal
model that explains and characterises the occurrence of the observed
output. The domain of possible signal models can be dichotomised
into: the deterministic models and the statistical models [Rab89)].
The deterministic models exploit some known properties of the sig-
nal, and estimate values of the parameters of the signal model. In
the statistical models, the signal can be well characterised as a para-
metric random process, and the parameters of the stochastic process
can be estimated in a precise manner. An example of such statistical
models is Hidden Markov Models.

Hidden Markov Models (HMM’s) are a powerful tool in the field
of signal processing [Rab89, MS97]. HMMs have been success-
fully used in speech recognition [RJ86]. Recently, the application
of HMMs has been extended to include word recognition [CKZ94,
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Figure 3.1: Flow chart of K-means clustering algorithm.

BRS95, MLR*96]. This is due to the similarities between speech
and written words since they both involve co-articulation, which
suggests the processing of symbols with ambiguous boundaries and
variations in appearance.

3.3.1 Theory and Elements of HMM

An HMM is a stochastic process with an underlying finite-state
structure. Each one of these states is associated with a random
function. Within a state the signal possesses some measurable, dis-
tinctive properties. Within a discrete period of time, the process
is assumed to be in some state and an observation is generated by
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the random function of that state. The underlying Markov chain
changes to another state based on the transition probability of the
current state. The sequence of states is hidden, only the sequence
of observations produced by the random function of each state can
be seen.

Consider a system that at any instance of time may only be in
one of the N state set. The system undergoes a change from one
state to another according to a set of probabilities associated with
each state. These transitions take place in regular spaced discrete
periods of time. In other words, a system transits from state ¢; at
time ¢ to a state ¢; at time¢t+1,¢=1,2,3,...and 4,5 =1,2,..., N .

The most important and difficult element to be decided is the
number of states, IV, in the model, since there is no systematic
approach to do so. As mentioned before, at each time unit ¢ the
model makes a transition from one state to another or may remain
in the same state. This transition is based on a transition probability
related to the previous state. This is called a first-order HMM. When
a state is entered, an observation output is produced based on an
observation probability related to the random function associated
with that state. In general, states of an HMM are interconnected
in a way that each state may be reached from other states in one
transition, and this is called an ergodic model. Other types are also
possible, and they will be illustrated later in this section. Individual
states are labeled as Q = {q1,q2, ..., qn }-

Another important element is the number of observation symbols
M per state. The observation symbols correspond to the physical
output of the system being modelled. For some applications like
speech recognition and character recognition, the observations are
continuous and are produced as vectors. In this case the vectors
are quantised into one of the permissible sets using VQ as described
in the previous section. Individual symbols are denoted as V' =
{v1,v9, ..., Upr}-

The rest of the elements which characterise the discrete observa-
tion HMM are:
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1. The initial state probability. This is the probability of being in
state ¢g; at £ = 1.

7={m=Plg; at t=1)}

2. The state transition probability. This is the probability of being
in state ¢; at time ¢, then transiting to state j at time ¢ + 1.

3. The observation symbol probability. This is the probability of
observing symbol vy while the model is in state ¢ at time £.

B ={bi(k)=P(vxy, at t|lg; at t)}

Considering the previous elements mentioned, a complete specifi-
cation of an HMM requires specifying two model parameters, N and
M, the observation symbols, and three sets of probability measures
A, B and 7. The compact notation to be used to refer to this HMM
is A(m, A, B).

3.3.2 Problems To Be Solved

Given an HMM previously defined, an observation sequence O =
(0109...07) can be generated using this HMM, where T is the length
of the observation sequence and each observation o; is one of the
discrete set of possible symbol observations V. Following are the
steps the HMM uses to generate the observation sequence:

1. Set ¢ = 1. This means the first observation.

2. Select the initial state g;(1) based on the initial state probability
7;, where 1 <7 < N.

3. Select the observation o; as v; as one of the symbols in V
according to the symbol probability distribution b;(k), where
1<i<N.
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4. Transit from the current state ¢;(f) to another state ¢;(t + 1)
according to the state transition probability a;;, where 1 <
,,J < N.

5. Increment £.
6. If £ < T go back to step 3 otherwise stop.

Given this formal description of an HMM and the procedure used
to generate the observation sequence, Rabiner [Rab89] illustrated
three key problems that need to be resolved before applying the
HMM to a real-world application:

e Given an HMM, A(m, A, B), and a sequence of observations
O = (01, 02...01), compute the most efficient probability of the
observation sequence giving the model P(O|A).

e Given an HMM, A(m, A, B), and a sequence of observations
O = (01, 09...07), find the optimal path (states sequence) ¢ =

(q1, ga---qT).

e Given an HMM, A(m, A, B), adjust these parameters to max-
imise the probability of observation giving the model P(O|)).

Following are these three problems and the proposed solution to
each one of them.

3.3.2.1 Observation sequence evaluation

This deals with the evaluation of the observation sequence given the
HMM. It computes the probability that the observed sequence was
produced by a given model. This is extremely important particularly
when a decision to choose among several competing models is being
made. Hence, the target is to find the model that best matches the
observations, in other words, the model with the highest probabil-
ity. Computing this probability through enumerating every possible
state sequence of length T is tedious and time-consuming since there
are NT state sequences which require (27 — 1)NT multiplications
and N7 — 1 additions. Two alternatives may be used instead: the
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Figure 3.2: The recursion procedure required to compute the forward variable
az1(J)-

forward procedure and the backward procedure. The forward pro-
cedure calculates the forward variable at each instance of time ¢ for
each state 4, i.e. o4(7), see Fig 3.2. It is a three step procedure:

1. Initialisation: This initialises the forward probabilities as the
joint probability of state ¢+ and initial observation o;.

a1 (i) = mb;(01), 1<i<N (3.5)

2. Induction: This calculates the forward probability of state j at
time t41 based on the joint probability of previous forward vari-
ables from all states at time ¢ and the transition probabilities

from each of those states to state 7, as well as the observation
probability at time ¢ + 1.

%HU)=[Z}MWM%@H) (3.6)

1<j<N,1<t<T
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Figure 3.3: The recursion procedure required to compute the backward vari-

able 5:(3).

3. Termination: This gives the desired calculation of P(O|)\) as
the sum of the terminal forward variables cr (7).

PO =Y ar() (3.7)

When examining the computation involved in calculating the for-
ward variables over all states at all instances of time, there are
N + N(N + 1)(T — 1) multiplications and N(N — 1)(T — 1) ad-
ditions.

The backward procedure follows the same approach as the for-
ward procedure however in the opposite direction from ¢ = T down
to t =1, see Fig 3.3. This is a two step procedure:

1. Initialisation: In this step, the backward variable of each state
at time T is set to one.

Br(i)=1, 1<i<N (3.8)
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2. Induction: This calculates the forward probability of state 7
at time ¢ based on the joint probability of backward variables
from all states at time £ + 1 and the transition probabilities
from each of those states to state ¢, as well as the observation
probabilities of those states at time ¢ + 1.

Be(i) = Zaijbj(0t+1)/6t+1(j) (3.9)

1<i<N,t=T-1,T-2,..,1

When examining the computation involved in calculating the
backward variables over all states at all instances of time, there
are 2N?(T — 1) multiplications and N(N —1)(T — 1) additions.

3.3.2.2 Optimal path retrieving

This attempts to uncover the hidden part of the model by finding
the most likely state sequence associated with the examined obser-
vation sequence. It is not a matter of correct sequence, rather it is
the outcome of using an optimality criterion to solve this problem
as best as possible. An example of a possible optimality criterion is
selecting the state g which is individually most likely at each time
t. A problem with this approach is that when the HMM has state
transitions which have a zero probability this implies that the state
sequence is not valid. In order to remedy this, an alternative op-
timality criterion is selected to maximise P(O|)) over a complete
state sequence. A formal technique to finding this optimum path is
based on dynamic programming methods, and is called the Viterb:
Algorithm [For73.

The Viterbi algorithm is a four step process where the first three
steps are similar to those in a forward procedure however it re-
places summation with maximisation. Assume the same HMM,
A(m, A, B), discussed above. For a given observation sequence O =
(01, 02, 03, ..., or), the steps of the algorithm are as follows:
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1. Initialisation:
51@) = 7Tz'bz'(01) (3-10)

(i) = 0 (3.11)
1<i<N

2. Recursiton: This is to actually retrieve the state sequence by
keeping track of the argument that maximises d;(7), for each ¢
and 7, and save it in ().

60) = masx 61 (aslbi(o) (312)
dli) = arg max 01z (313)

3. Termination:

Pt = max [or(j)] (3.14)
gr = arg max [or(j)] (3.15)

4. Path Backtracking: As the last state of the optimum path was
found in the previous step, all the states falling on this path
are retrieved in descending order.

g = Pe1(gii) (3.16)
t=T—-1,T-2,..,1

An alternative implementation to the Viterbi algorithm is to take
logarithms of the model parameters in a separate preprocessing step
at the beginning. This eliminates multiplications and improves the
accuracy in estimating small values. Below is the step sequence:

1. Preprocessing:
CNLZ']' = log(aij), 1< ’L,j < N (318)
Ei(ot) = log[b;(0)], 1<+<N,1
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2. Initialisation:

61(1) = log(8.(3)) = 7 + bi(o1) (3.20)
Yi(i) = 0 (3.21)

3. Recursion:

5.(i) = log(8,(s)) = max [§o_1(5) + i) + bioy) (3.22)

1<j<N
W(i) = arg max [0,1(j) + ai (3.23)
1<i<N,2<t<T

4. Termination:

Pr = max [or(j)] (3.24)
gr = arg max [or(j)] (3.25)

5. Path Backtracking:

G = Pa(gii) (3.26)
t=T—-1,T-2,..,1

3.3.2.3 Model parameter estimation

This is called the training stage where an attempt is made to opti-
mise the model parameters, A, B and 7, so as to best describe how
the observed sequence occurs. The optimality criterion maximises
the observation sequence probability, P(O|)), given the model,
A(A, B, 7). There is no analytical approach for this, however an it-
erative procedure such as the Baum-Welch method, known also as
Expectation-Maximisation (EM), is applied to locally maximise the
likelihood P(O|A) of the chosen A\(A, B, ).

The reestimation procedure is highly dependent on the definition
of each model parameter. Thus, a set of reasonable reestimation
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St at es]

a,(i) B @

; = Ti me
t-1 t t+1 t+2

Figure 3.4: Sequence of operations required for the computation of the vari-
ables: &(7,7) in equation 3.30, and 7;(%) in equation 3.32.

formulas for 7, A and B are

T = FExpected number of times in state ¢ at time t = 1 (3.27)

Expected number of transitions from state ¢ to state j

Expected number of transitions from state 2
- Expected number of times in state J and observing Uy,
bi(k) = (3.29)

Expected number of times in state j

To describe the previous training formulas mathematically, let
&:(i,7) be the probability of being in state i at time ¢, and in state
j at time ¢ + 1 given the model and the observation sequence

ft(iaj) = P(Qt =1, @441 = j|0)\) (3-30)

Looking to Fig 3.4 and the definition of the forward and backward
variables, Eq. 3.30 may be written as

o oy(d)aihi(0s1) Ber (4)
ft(zvj) - P(O|)\)
(1) aijb;(0e11) Ber1(4)
>N Z;vzl (%) i50;(041) Beq1 (5)

Summing & (4, j) over 1 < ¢ < T — 1 results in the expected number

(3.31)

of transitions from ¢ to j.
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For the purpose of training, define the probability of being in
state ¢ at time £, given the observation sequence and the model as

V(1)
(i) = Plgs = i|ON), (3.32)

again using the notation of the forward and backward variables,
Eq. 3.32 may be written as

. 0 (1) B (¢)
= 3.33
=S, i) (339
Accordingly, v:(7) and &(%,j) can be related by summing &4, 5)
over j

W) =)&) (3.34)

Summing ;(¢) over time gives the number of times state ¢ is visited.
If the time slot 7' is excluded, in other words summing over 1 < ¢ <
T — 1, this gives the number of transitions from state ;. Equations
3.28-3.29 may be rewritten now as

7 o= () (3.35)

a; = 2z &l6,7) ft(i J) (3.36)
Zt 1 'Yt( )

bj(k) = —Zt“t::l”k ) 3.37

! - 23121%(].) ( )

3.3.3 HMM Types

HMMs can be classified based on the structure of the transition ma-
trix A. Since the beginning of this section HMM has been discussed
as all states that are fully connected. This may be referred to as an
Ergodic model where each state in the model may be reached from
any state within one transition. Assume a model, in Fig 3.5-a, with
N =5, then all the elements in the transition matrix A are non-zero
elements, a;; # 0 where 1 <4,5 < N.
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(a) Ergodic (b) Left-to-right

Figure 3.5: Two different types of HMMs.

11 G112 AQ13 A4 Ais
g1 Qg2 G23 (Ag4 Go5
A= 31 az2 G33 Az4 0435

41 Q42 Q43 Q44 G45

51 Q052 As3 OGs4  Oss

Some applications such as speech recognition and character recog-
nition require certain constraints on the state transition matrix.
This implies modifying the conventional ergodic design to what so
called Left-to-Right HMM (LR-HMM), see Fig 3.5-b. This model
inherently imposes a temporal order to the HMM since lower num-
bered states account for observations occurring prior to those for
higher numbered states. Three main constraints are applied here:

1. The state sequence must start in state 1.

wi:{ (1) 1=1 (3.38)

1> 1

2. No transitions are allowed to states whose indices are lower
than the current state or at times lower or equal.

a;; =0 1>7 (339)
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The above transition matrix will be

ailr a2 a1z a4 G1s
Qoo (G23 Qg4 dgs
0 ass ass ass
0 0 Q44 Q4
0 0 0 ass

0
0
0
0

3. Some applications restrict the large changes in state indices by
imposing additional constraints on the permitted number of

jumps
Assume A = 2, then A will be

a1 a2 a3z 0 0

0 ag a3 ay O
A= 0 0 az3 d34 0a3p

0 0 0 Q44 Q45

0 0 0 0 ass

3.3.4 Application To Character Recognition

Hidden Markov Models have been extremely useful for a wide range
of real-world applications [HK91, AE94, KC97, OAB97]. They were
also successfully applied to connected, speaker-independent, auto-
matic speech recognition with the advantage of modelling various
patterns [LRS83, RLS83, RJLS85, JR85, AC93, DPH93, RJ93]. This
success of automatic speech recognition systems based on the hid-
den Markov model has motivated recent attempts to apply similar
methods to character/word recognition whether on-line [HBT96,
KKKL97a, KKKLI7b] or off-line [VK92, BK94, OHK95, KP96].
The HMM provides an explicit representation for time-varying pat-
terns and probabilistic interpretations that can tolerate variations
in these patterns.

In off-line recognition systems, the general idea is to transform
the word image into a sequence of observations. The observations
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produced by the training samples are used to tune the model pa-
rameters whereas those produced by the testing samples are used to
investigate the system performance.

Some researchers made a critical assumption that the word image
is already segmented and thus their research dealt with segmented
characters [KHB89]. In this case, each state in the model represents
a letter in the alphabet set, and each feature vector is equivalent
to one observation. Others [CKZ94, CKS95| segmented the input
word image into a sequence of segments in which an individual seg-
ment might be a complete character, a partial character, or joint
characters. The HMM parameters were estimated from the lexi-
con and the training image segments. This segmentation may also
be applied to the contour [EGSS99] to find segmentation points,
then to extract the features from these segments and transfer the
feature vectors into an observation sequence. Segmentation can be
avoided if the skeleton of the word is decomposed into small strokes
of which each is transformed into a feature vector and then an ob-
servation. Processing the original word image directly is another
alternative [MG96]. This system combined segmentation-free and
segmentation-based techniques. The segmentation-free technique
constructed a continuous density HMM for each lexicon string. The
segmentation-based technique used dynamic programming to match
word image and strings.

Hidden Markov modelling is suitable for 1D time sequential sig-
nals such as speech. The image signal has two dimensions. The
2D nature of the OCR problem is a fundamental difference between
text and speech recognition problems. This justifies the conclusion
that extending a 1D-HMM to a 2D-HMM can achieve greater ad-
vantages. Fully connected 2D-HMMs would lead to a recognition
algorithm of exponential complexity [AK93]. To remedy this, the
connectivity of the network can be reduced. This results in pseudo
2D-HMMs which are successfully implemented to recognise type-
written characters [AK93] and handwritten characters [PL98|. It is
also used to spot keywords in poorly printed text [KA94).
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Hidden Markov models have been also applied to Arabic charac-
ter and text recognition. In [All95], the contour of the word image
was segmented after baseline estimation. This resulted in a sequence
of labels, the latter of which was classified by finding the HMM which
gave the highest probability. To reduce the computation time and
enhance the recognition rate, a segment was not compared to the
whole set of models it was rather compared to a selected group ac-
cording to the position of that segment within the word. Other
ongoing research is by Makhoul et al [MLR*96, MSLB98, BSM99].
Their system depends on the estimation of character models, a lexi-
con, and grammar from training samples. The training phase takes
scanned lines of text coupled with the ground truth, the text equiv-
alent of the text image, as input. Then, each line is divided into
narrow overlapping vertical windows from which feature vectors are
extracted. The character modelling component takes the feature
vectors and the corresponding ground truth and estimates the char-
acter models. The recognition phase follows the same step to extract
the feature vectors which are used with different knowledge sources
estimated in the training phase to find the character sequence with
the highest likelihood P(O|)).

3.4 Summary

In this chapter I have discussed two important tools which are
used throughout this dissertation: Vector Quantisation and Hidden
Markov Models. I have given a hint of the advantages and disad-
vantages for applying VQ to word recognition. I have also presented
the theory of HMMs. The focus was on physical explanations of the
basic mathematics involved. I have also briefly reviewed the imple-
mentation of HMMs to character/word recognition of a number of
languages including Arabic.






CHAPTER 4

ARABIC MANUSCRIPT
SAMPLES

4.1 Introduction

To understand the importance of calligraphy for Arabs and Mus—
lims we must first know that Arabic is the language of “ ﬂ Vo J.a.”
alquranu alkarim -the Holy Qur’an”. This required great care and
energy in order to make the written word worthy of such honour.
Consequently, a beautiful script to write the “Holy Qur’an” was de-
veloped. Calligraphy became a type of art that equally attracted the
specialist and the ordinary person. Some of the decorative scripts
are as attractive as the most beautiful paintings. Consider the script
in Fig 4.1, it reads: <aliyyu >bnu >abiy talib radiya ol-lahu ta<ala-
<anhu waekarrama waghahu

G5 §5% W JU “"d’)vm’d‘u"u*‘

Ali Tbn Abi Talib, may God Almighty be pleased with him and
honour him. The script was structured into the shape of a lion.
More of such samples may be retrieved from the of web site “hitp :
/ Jwww.islamicart.com”.

This dissertation is focused on machine-printed and handwritten
styles used for scribing books, and not on decorative style used for
adornment purposes. This chapter illustrates a number of computer-
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Figure 4.1: Script image constructed into the shape of a lion.

generated and handwritten fonts which are used throughout the
dissertation.

4.2 Computer-Generated Fonts

As mentioned in Chapter 2, recognising Arabic typeset text is more
challenging than recognising typewritten text because of ligatures
and overlaps. This complexity is due to the difficulty in segmenting
these glyphs. Recently, a number of fonts which are usually written
by hand, like Thuluth and Andalus, or used as typeset, like Naskh,
have been generated perfectly using a computer. In spite of this
these fonts still retain their original specifications, they all share the
regularity feature of computer-generated fonts. In the rest of this
section, some of these fonts are presented.

4.2.1 Simplified Arabic

This is a typical machine-printed font. This font is a perfect candi-
date for the approach of segmenting a word into its characters, see
Sec 2.4.3, since there is no ligature or overlap. Fig 4.2 shows a script
written using this font.

4.2.2 Arabic Traditional

This is more complicated than the previous font due to the presence
of overlap and ligature. It is similar to the font used by printing-
houses to print books and newspapers. With this font it is not
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Sl T Bt ol DY gl i S8y By yya3 ) gl
A8 (a Ba2alke auial 9o

tard almsalh walmfasd mn almsail alm3klt fy hda alesr, wallty thtag >la thryr wthqyq
, wgd wniya Syhu al-islam >bnu tymyyt bhda albadb fy mwads middidt mn ktbh

Figure 4.2: Sample text image written in Simplified Arabic computer-
generated font, and the transliterated text.

always possible to segment a word into its characters. Fig 4.3 shows
a script written using this font.

WIS ot (ol 155 Jtodl 3 gt D17 13) i La
u..l&oj)\.,;_..dj naﬁ.ﬁ-?q\bywcl«ﬂbﬁ} auY g4
a»ﬁ;)@‘wﬁ&%?!

alhmdu l-lah. nem >ida kan mgthdan fy aldl wrfe alzlm bhsb *imkanihi , wwilaytihi
hyrun weaslh l-lmslmyn Im wlayti gyrihi , wistyleowhy da al-igtac hyrun mn sstyla
gyrih.

Figure 4.3: Sample text image written in Arabic Traditional computer-
generated font, and the transliterated text.

4.2.3 Thuluth

This was first formulated during Umayyah Caliphate in the first
century AH (c. the seventh century CE). The name means a ‘third’
and one explanation is that this is due to the proportion of straight
lines to curves. Fig 4.4 shows a script written using this font.
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w:g\/g‘;l;x/gtq“;\»J:L)')%Vb.b>ww.-é:a{\/.&\5§>0;)?\gw
Awdend o JW enni s sl wid i £ 080§ el
Ao Y s s @5 Ol inde

whw agz n dlk. la ymkinuhy rddaha. fhl ygwzu Imitlu hada bqawhu da wlaythi wiqta-
hi 2 wgd wrift nyytuhu wigtihadhu , wma rfhu mn alzlm bhsb >imkanihi , >am dyhi
san yrfc ydehu v hdh alwlayt wal-igtac

Figure 4.4: Sample text image written in Thuluth computer-generated font,
and the transliterated text.

4.2.4 Andalus

This font is named after ‘al-’andalus Al-Andalus’ a great period of
Islamic civilisation in Spain starting from the end of the second cen-
tury AH (c. the eighth century CE) and lasting for eight centuries.
It uses serifs and it has a characteristic angular style. This was
among the set of fonts imported into the computer-based environ-
ment. Fig 4.5 shows a script written using Andalus font.

s flllgala Jog sl 2yl g Lang oally Joia Jys ool
w2 g LI L3 wy ol gLy gag dulell ay <50 ls &gllll
agle 509 1 spany ol (o maingg

n rdlin mywwlin wlayat , wmugtc *qtaat , wilyha mn olkulaf alsltanyyt ma grt bih
aladt , whw yhtar *an ysqt elzlm kllhu , wygthid fy dlk bhsb ma qdr dyh

Figure 4.5: Sample text image written in Andalus computer-generated font,
and the transliterated text.
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4.3 Handwritten Manuscripts

This is a set of ancient Arabic manuscripts which is located in the
Cambridge University Library (UL). Most of these manuscripts are
without date or colophon. Some of them are more than 800 years
old. Each manuscript is referred to using the class-mark index (sigla)
of the library.

4.3.1 UL Mohl194.a.4
This manuscript is entitled “d"@‘ Og}f u.«uﬂ SJG,P gamhart al-

nasab Libni alkalb? by oK a2 oy ,aedl gl Jds  hisam aba
almundir bin muhammad alkalbi, who died in 204 AH (c. 807 CE). It
was first written during the Abbsid caliphate (¢. 750-1543 CE) and
includes all that has been recorded earlier by specialists on different
tribes in Arabia. During this century, ‘o-"a.;.” uﬂjs ) 2 :j,;; mahmuad
frdis alcazm verified and rescribed the book. The manuscript in-
cludes two different styles: the style used to write the body of the

book, see Fig 4.6, and the style used to write the footnotes, see
Fig 4.7.

4.3.2 UL Or.172

This is a book in two parts:

1. Ujjﬂ ooy oyE dalall Cass ksfu alsalsalat n wsfi alzalza-
lat: This is followed by a short poem in praise of the prophet
by (23, 5.“ Og! 9.4 mruw *bni alwardiy. The manuscript de-

scribes some of the earthquakes that hit different parts of the
Islamic caliphate. This manuscript is written in legible Naskh
with rubrications.

2. O gellal! Jbi 3 ossldl olg b GBS kitab marwahu alwacuwn
fiy >ahbar: al,td;z;wn: This includes a history of the plague.
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e, Y B . a'__ ».".-..—uc .l
wf;fqdo,.uukéf :’,} _ncu' “g-—-’w..mw_’,kg/,

'y
- 23 ‘
v 2 ‘e 'nl-

&.-;.:J’Jf Ozu.,;l ';.;.‘_:--—-’ W—uﬁ’p!twu‘bd&;/ 0‘"“/"!"’ r:y)'l
p X0, ;..;.p

-

w-haraga <amirun fotagayyad fatabahoh , fasummiya tabiht , w-angamac wmayr fi
alhibe ,
su‘dﬁyb‘&&w‘w JAL‘-Cf)
fasummiya gameat , wharadat >ummuhum layla tamsi , faqal lha alyas : ayne
tuhandifin |
CousE Gl O gE e of I ol ctdy ¢ il
fasummiyat hindafa , w-alhindaft darbun mina aln;agy

Sl Go & o Badly ¢ Biis ciids

Figure 4.6: Sample text image extracted from the manuscript Moh194.a .4,
and the transliterated text.

Bl g 50b e Al plis e ade b am Wl ant Gib 803 G 2 G 6
(;:;_@paagi;,,wa.a,{»_, b =) 2T (P Qunss 2 x‘ el Gadinn a1l
; z
.a.!,_;;c}}u}e:;: f?ia"_;h

kan %bn jam< mn >ahfz blq al-lah lktab al lah w-admh bma yhtag >zlyh kan yhrg
mn mnzlh me alfgr ywm algm<t fysllz algbh tmm yasuf qdamyh htta ttl alsms , wla

w

s

yglh

alnnasu algm<t hita yhtm algran tm ynsrf *la mnzlh .

C ke J) ey & 0L A e daed) 20

Figure 4.7: Sample text image extracted from the footnotes of the manuscript
Moh194.a.4, and the transliterated text.
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Both parts were written by the celebrated author: b oL} - il J}&o

glalu alddin alsuyatr, who died in 911 AH (c. 1484 CE). Fig 4.8
shows a script extracted from this manuscript.

,5)(3-\ s /:;:j\’ww :o ( ’3}/. -

C9 bw\}l éﬁ. J;"Jé:’ \:-W;
¢ ‘}uvs\, ARG N Y

kanat zalzalatun bihurasan damat sabdyna yawman whadamati almnazila wsaqata
gamiwu balha
'cUéa\b Ja.a..u) dJu‘g_/-;M) \AJJ u\.-...uw‘.) u\.u‘ deJ g_/d{
wnoehwun min rubus elmdinati dakarhu sbnu aljawziyy wafiy sanati tis <samt wma-
sytayn qal
6 felay Shs aud L 33 93t G 353 Gall 5 e 345
sahibu almirati kanat ’

<IE T el

Figure 4.8: Sample text image extracted from the manuscript Or.172, and
the transliterated text.

4.3.3 UL Or.1481
This manuscript is ‘?‘;\[b Jis‘;\n Jbi % Ll Gy 5 rawda-

tu almanazir fy *ahbart al->awayl wabawahir” by

u‘“‘g“ d:@-‘ iz Ad y’i el Gy ziynu aldiyn cabuw alwaliyd
muhamn:bad alhalabiy alhanafiy, who died in 815 AH (c¢. 1388 CE).
The manuscript presents a brief history during different ages starting
from Adam, may peace be upon him. This is printed in clear Naskh.

Updated the second time in the 17%* century, and printed at Bulaq
in 1290 AH (c. 1870 CE). Fig 4.9 shows a script extracted from this
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manuscript.

&\.;\2,_, 2 el 3 Gl M (ol

o))

V= oY b bl e s o o)

sbnu dawud <alyhima alsslam wkan zakariyya <alyhi alssalam tazwwa§ ansac *ahtu
hnnat waebuwha

Uyl & Ll plail 55 o3lall o2 § 55 o8 poladl Ll 5315 2]
gmran *%bnu matan Parsala al-lahu §ibriyl fabssara zakariyya

655 A3 e W Jo b 0BG 2y ol

Figure 4.9: Sample text image extracted from the manuscript Or.1481, and
the transliterated text.

4.3.4 UL Qq.65
This manuscript is entitled “&5Uald) JL.";\H S G et la fJE

taquiym albuldan almasriyyat fy al->amal als&l_tdniyyat”. This is an

account of the geography of Egypt and its territorial divisions in

the reign of uJ:';;\H élL.H almalik al->asraf. This was compiled by

order of - az Olad & amir Sacban hasan by an author whose
name does not appear, in 777 AH (¢. 1350 CE). This manuscript is
written in good Naskh. Names and titles are written in gold, green,

and red. Fig 4.10 shows a script extracted from this manuscript.

4.3.5 UL Qq.91

This is a book in two parts. Both volumes begin abruptly without
a preface. The titles of the two parts are as follows:

1. e Jil..as fadayil misr

2. rl..'fﬁbf w.:\.'&l‘ AV J.{Las fadayil bayti almqdis walsam
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]}-{‘J\;’:ﬂo\o{, SN N \WIEY
E%Nh{a+éw—b—9{' ’ /9‘.. _)‘:i"j‘} L:u |

kanat milk al-a3rf §ban wal->an l-ldiywan almfrd )
sall lsall OV olas Y1 elly 36
sft zryq wmy sqt algtayc 1655 fddan <brtha
bine 0105 V100 Wil b oy Gy )j i

Figure 4.10: Sample text image extracted from the manuscript Qq.65, and
the transliterated text.

The manuscript illustrates the features of Egypt, Jerusalem and old
Syria. The first part is not pointed and not dated whereas the
second part is written in large, bold, and good Naskh; pointed with
rubrications, and is dated ‘s j ragab - Rajab’ 785 AH (c. 1358

CE). Fig 4.11 shows a script extracted from this manuscript.

W v A . » o . ( . .
Wt 2 S s LSl e s b s
bosdn 521120 L lasl s s e

/
whsyn algml wgyr madkrna fsl Pamma dikr msr wfg%lhd da gyrha

ge o Glaby pae 53 GB Juad 530 by Jod| tuems

mn al-amsar wma husst wawtirt bh da gyrha

e Jo o @ty caid by ladll o

Figure 4.11: Sample text image extracted from the manuscript Qq.91, and
the transliterated text.
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4.3.6 UL Qq.74

This manuscript is entitled “33)1_’“5 RHEL L.J 3 _SSijJ‘ ale> gwa-
hir alsuluk fy ’ahbar alhulfa» walmuluk” by )
u‘“"u J,LJ‘ u;‘ iz ua.,\ﬂ uu‘" Samsu alddin muhammad *ibn *lyas

alhanafzy This is a general history of the Caliphs beginning with an
account of the Prophet may peace be upon him, and ending with

the death of i) J.s- NE 5:_’“ almutawakkil da al-lah in 903 AH (c.
1476 CE). Fig 4.12 shows a script extracted from this manuscript.

faal lyktb kI mnkm >ismh fy qdhh ffdu-’ dlk wdhl
Jsgjwswbasdwj(gqu@d@

OsLE Jis £l J) dlall s

<bd almtlb >ila alkdt fqal llssadn

Figure 4.12: Sample text image extracted from the manuscript Qq.74, and
the transliterated text.

4.3.7 UL Add.2923

This is one of the three volumes that fprm t}le book entitled .. )
“é)jiﬂ Oss uyln altawarily’ by P Upres fL:", Y é}ha

salahu alddin muhammad *bnu sakir alhaldbz‘ alkutb?. This volume
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is a defective at the beginning. It includes the years 735 — 760 AH
(c. 1308 — 1333 CE) and was written in fair Old Naskh. Fig 4.13
shows a script extracted from this manuscript.

@‘J@Lujlu_,ﬂd U&wx}JJ-’_’NJ
R gl % "”Mhd\w&nwl

wqd wrd fy alhdit n abt ayyub al->ansart rdy al-lahu
Dl g LfJLZ&‘ P B URROYE LI IEJPR )
t<ala <nh annh qal hin hdrth alwfat qd knt ’
oS W5 Bl e e J6 &Y e

Figure 4.13: Sample text image extracted from the manuscript Add.2923,
and the transliterated text.

4.3.8 UL Add.3257

This is a collection of tracts by o grddl - il J}b glalu alddin
alsuyiti, who died in 911 AH (¢. 1484 CE), to wit:

LAl G sl o 35 G o D15 W g g sl
kitabu almuhrm r fr quwlihi t<ala liyagfira al-lahu laka ma tqad-
dama min danbika wama Pahhar. This presents an interpreta-
tion of a verse in Qua’an.

2. sl.&.l:;‘ 4L tuhfatu algulasa.
3. YN &Y o QE,)\:S’ o oy <] 5\.24 risalatu alkasif <an
mugawzat hdiht al->ammat al->alf.

4. Answers of Jg u.v‘ %bni hadar to questions addressed to him
regarding to the manner in which the turban should be worn.

5. A commentary by JJLZJ;\H sz\” Sl .,\.Pi ! y’i C:j Sayh
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2ab@ albbas 2ahmad Sihabu alddin al->ansart on the “iﬁ.u.fo u.\.:u

sittin masalat - Sixty Questions”of aal*l BV u,lf.aﬂ y’i C:j
Siyh >abu albbas >ahmad alzz-ahid.

. A commentary on ) 85 94 suratu alfatihat, the first chap-

ter in the Qur’an.

- ol <2 U= uls- el almudn da fid sunnatu altalgin

by u_..él..;ﬂ iz o f‘b‘ | uls“" y‘ CJ ih >abu *ishagq >ibra-
him bin muhammad alsafz‘z This includes some of the Prophet’s
sayings.

. Answer of the u_a,u:'z di O‘fj 2z ull;:l‘ y’i JL&J‘ r}b}” C"‘j

sth al-islam alkamaly >abi almasalt muhammad *1bn >abi Sarif to
the question addressed to him in the year 881 AH (c. 1454 CE)
as to whether it is lawful for the inhabitants of a city visited by
the Plague to flee from it, followed by 20 questions touching a
form of prayer prescribed by the Prophet, may peace be upon
him, for use against the Plague.

Fig 4.14 shows a script extracted from this manuscript.

z/!saa,mwwuwya Uge J&IJ®

6)’_,*’.’;\;/’,;/; J‘M"y Iy

gal alsmal mih al-ard wlwla alsmal mainbt al-ard w-ahrg
CJslj ubJYl il Jlesdl Yoty ubJXH cLa Jesdt g6
bd-al-lah bn ahmd fy 2wayd al-zhd w-abu alsyh o kb
wfuc.@..ﬂljl) afl wlss g ol oy dlas

Figure 4.14: Sample text image extracted from the manuscript Add.3257,
and the transliterated text.
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Manuscript Description C
UL Moh194.a.4

UL Moh194.a.4 (footnotes)
UL Or.172

UL Or.1481

UL Qq.65

UL Qq.91

UL Qq.74

UL Add.2923

UL Add.3257

Simplified Arabic

Thuluth

Arabic Traditional
Andalus

[¢"]

EERe=TQmETQE B S

Table 4.1: List of manuscript codes.

4.4 Summary

In this chapter we have seen a number of machine-printed text im-
ages and handwritten manuscripts. The extracted features from
these illustrated styles are used for training and recognition purposes
throughout the dissertation. Table 4.1 illustrates the code given to
each manuscript which is later used to refer to that manuscript
throughout the dissertation.






CHAPTER 5

SPECTRAL FEATURES
OF ARABIC WORDS

5.1 Introduction

There are two approaches to utilising word models in Arabic char-
acter recognition: the holistic approach and the analytic approach.
The analytic approach is considered in Chapter 8. The next two
chapters present two recognition systems based on the holistic ap-
proach. The approach does not require any kind of segmentation
(refer to Sec 34 for different types of segmentations). Instead, it
treats the word as a whole.

This chapter presents a method of extracting Fourier features
from the Arabic word image. The method is a two step process:
it first transforms the word image into a normalised polar image
to compensate dilation and translation. It then applies a two-
dimensional Fourier Transform to the polar image. The resulting
spectrum magnitudes tolerate variations in size, displacement, and
rotation.
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45444454 44444344

© ()

Figure 5.1: Two boundary descriptors: (a) original character image, (b) the
character contour, (c) the skeleton, (d) the polygonal approximation, (e) the
chain codes of (b) starting from the pixel marked with the arrow and moving
in the clockwise direction, and (f) the chain codes of (d).

5.2 Two-dimensional Shape Description

The word image may be considered as a 2D shape, in this case the
image pixels are represented and described in a form suitable for
further computer processing. Two groups of algorithms are used for
this purpose: the boundary descriptors, and the region descriptors.

5.2.1 Boundary Descriptors

These involve first detecting the edges of the character/word image.
The edge is the transitional zone where a change from the foreground
to the background, or vice versa, occurs. A closed curve boundary
represents a contour, while an open curve boundary represents a
skeleton. Following are some techniques that describe the boundary
of the shape.



5.2 Two-dimensional Shape Description 87

5.2.1.1 Chain codes

These describe the boundary pixels, the contour or the skeleton
pixels, of a shape using Freeman codes [Fre61]. The representation
is based on the 4- or 8-connectivity of the segments. The direction
of each segment is coded by using a numbering scheme, see Fig 5.1.
This compact representation saves a geat amount of storage memory.
This method has two drawbacks: it is sensitive to noise, and it is
not invariant to rotation and dilation.

5.2.1.2 Polygonal approximation

This describes the contour or the skeleton pixels via a straight line
sequence, see Fig 5.1. The method achieves a higher compression
than the previous approach, however it still possesses the same draw-
backs as the chain codes.

5.2.1.3 Signature

This reduces the dimensionality of the problem from a two-dimensional
shape representation to a one-dimensional functional representation.
The common approach is to calculate the centroid of a close bound-
ary, then compute the distance from the centroid to the boundary
pixels. Using this method for concave objects, like that found in
typed script and handwritten script, is facing one of two obstacles:
if the distance is calculated for each predefined value of the angle
this will generate an ambiguous distance measure. Whereas if the
distance is sampled along a constant curve length the distance mea-
sure is not 27-periodic hence it is rotation variant.

5.2.1.4 Fourier descriptors

This method expresses each pixel (z,y) in the contour as a complex
number s = x 4 jy. That is the z-axis is treated as the real axis
and the y-axis as the imaginary axis. This reduces the problem
dimensionality from 2D to 1D. Moreover applying the discrete fast
Fourier transform to the resultant function produces the complex
coefficients which are called the Fourier descriptors. The Fourier
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Transform has an important feature which is that high-frequency
components account for fine detail and low-frequency components
determine the basic shape.

This method has been successfully applied to Arabic character
recognition [EG88, Mah94]. However, it assumes that a reliable
segmentation of the word is obtainable, which in practice is not the
case. Furthermore, while FDs are suitable for the simple curves of
characters, FDs cannot be applied directly to the entire word be-
cause of the complexity of the curve that connects all the characters.

5.2.1.5 UNL Transform

This method describes a 2D shape which is composed of parametric
curves [RSG92, Rau94]. The method seeks a translation normalisa-
tion by shifting the centroid of the object to the origin of the polar
coordinate system. However the UNL Transform requires that the
objects are composed of a finite set of smooth parametric curves or
small line segments. In character/word recognition these curves are
obtained through applying a thinning or skeletonisation algorithm.
This means that this method is sensitive to any noise that may affect
the output of the thinning algorithm.

5.2.2 Region Descriptors

These represent the shape of its interior region. A simple approach
to describing the interior region is to use the two descriptors: the
area and the perimeter. The area is the number of pixels contained
within the boundary of a region, and the perimeter is the length
of the region boundary. This approach is applied to objects with
invariant size. Two more sophisticated methods are: moments and
log-polar transform.

5.2.2.1 Moments

These were first introduced by Hu [Hu62]. A representative appli-
cation of moments to recognise Arabic characters can be found in
[ERK90, EA90, AB94, EATK94, San96].
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For a 2D-shape image the moment of order (p + ¢) is defined as
Mpg = Z Z 2Pyl f(z,y) (5.1)
z Y
The central moments can be expressed as

tog =Y (@ —Z)(y— 7)f(z,9) (5.2)

where
~ My __ Mo
T = ] y -
Moo Moo

The normalised central moments, denoted 7,, are defined as

Hpq
Tpg = (5.3)
P Ngo
where
+
'yzl%—l—l p+q=23,..

In [GW92], a set of seven invariant moments were derived from
the second and third moments. These moments tolerate changes in
rotation, translation, and displacement.

5.2.2.2 Log-polar Transform

This approach is based on a previous work done by Schwartz [Sch77]
in which he analysed the topology of the human visual system. Each
pixel of the 2D shape is treated as a complex number z = z + jy.
The approach is then based on the property of the logarithm of a
complex number In (z) = In (|2]) + j0 + 2jkn, where k is an integer
number. Normally the principal part of the logarithm is used (k = 0)

z = |zt (5.4)
2] = Var+y? (5.5)
0§ = tan_l(%) (5.6)

The main feature of this transform is that both scaling and rota-
tion of the 2D shape are transformed into a translation despite the
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fact that the Log-polar Transform is not scale invariant. This is due
to the stretching effect that can be observed when transforming the
same object in different sizes.

5.3 Normalised Polar Image

The objective is to find a feature set for the word which is invariant
to the Poincareé group of transformations: dilation, translation, and
rotation. This set must compensate for all these transformations in
order to be able to map all possible variations of a shape to the same
prototype representation. At the same time this prototype should
be capable of distinguishing between similar shapes. The first step
is to construct a normalised polar image to compensate for dilation
and translation.

5.3.1 The Centroid Of The 2D Shape

This is also called the center of gravity. The centroid is the balance
point of the image f(z,y) such that the mass of f(z,y) left and
right of O, and above and below O, is equal. The mathematical
representation of the centroid is

0, = 10 0, = % (5.7)
Moo Moo

where mygp is the sum of the pixel values of an image, for a binary
image this equals to the number of black pixels in the image, mqq
and myg; are defined as the first-order row and column moments
respectively. mgo, m19 and mg;, are calculated as in Eq 5.1.

The relative position of the centroid to the shape pixels does not
change if the shape is translated within the image scene. Therefore
the shape representation in the polar coordinates with the centroid
as the origin of the shape pattern is insensitive to shape translation.
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(2) (b)

Figure 5.2: Two images of the character Noon. The centroid of each image
is marked with a cross X.

5.3.2 Maximum Distance Computation

A 2D shape may have a more robust representation using relative
dimensions. These are calculated relative to the shape centroid. A
pixel (z,y) is represented based on the centroid and the mazimum
distance of all shape pixels from that centroid.

D00 18 the maximum Euclidean distance between the centroid,
O, and all pixels

Do = max (\/(z —0,)*+ (y - Oy)Q)

T,y

then a coordinate transform, U, for each pixel exists which maps the
2D-shape from the Cartesian to the polar coordinate system with

8)

0<r<1,-m<6

origin O.
U(z,y) = (r,0)

_ (\/(CE—O) (y—0,) (

D max

The polar image is then normalised to the size N x N. In this
dissertation NV is chosen to be 64, so the polar image has 64 x 64
pixels.
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Figure 5.3: Normalised polar images for a number of Arabic words written
in Simplified Arabic computer-generated font. The words are: ‘3.5 baldt -

Town’, * S5 dkr - Male’

The resulting polar image of the 2D shape is invariant to changes
in size and displacement. Moreover, the polar image is periodic; if
the original shape is rotated by an angle « in a clockwise direction
this results in translating the polar image horizontally with the same
angle to the right.

Figures 5.3- 5.6 show the result of applying this transformation to
different font faces. They illustrate that the polar images are invari-
ant to changes in size and displacement. In addition, they transform
a rotation in the original word image with an angle x into a horizon-
tal displacement with the same angle. The illustrated word images
are typewritten samples. They are printed using four different fonts:
Simplified Arabic, Thuluth, Andalus, and Arabic Traditional. The
samples are rendered at random angles ranging 0 — 27, at ran-
dom sizes ranging between 18 — 48pt, and at random translations.
Handwritten samples are extracted from the manuscripts previously
mentioned in Chapter 4.

Figures 5.7 and 5.8 show the word images of two words taken
from different manuscripts and computer-generated font faces, be-
side each word image is the normalised polar image.
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Figure 5.4: Normalised polar images for a number of Arabic words written
in Thuluth computer-generated font. The words are: J}a{ kbir - Big', ‘>

dinar - Dinar’

JURG <o T
<, 03P

Figure 5.5: Normalised polar images for a number of Arabic words written
in Arabic Traditional computer-generated font. The words are: ‘J:U| al-lyl -

The night’, ‘', 7b - Lord’
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Figure 5.6: Normalised polar images for a number of Arabic words written
in Andalus computer-generated font. The words are: ‘' ¢Z, rsul- Prophet’,

' mas msr - Egypt’

5.4 Spectral Features

In this section the Fourier transform is applied to the normalised
polar image which resulted in the previous section. The objective is
to produce a Fourier coefficient set which is invariant to changes in
size, displacement, and rotation.

The Fourier Transform [Par97] is one of the most important tools
for signal processing. The application of the Fourier Transform to
an image g(x,y) can be represented as

N-1N-1
Glus,w,) = Y3 gle,yle?Fomm)  (58)
z=0 y=0
0 < wg,wy <N

The Fast Fourier Transform is a practical way to compute the
Fourier Transform of a function [GW92]. It represents a significant
saving in computation complexity by reducing the required opera-
tions from N? down to NlogyN.

In the previous section, it was shown that any rotation in the
word image is translated in the normalised polar image. Consider
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Figure 5.7: Normalised polar images of the Arabic word ‘s  dman -

'y
- S
i

OTHMAN' written in different handwritten and computer-generated fonts.

the translation property of the Fourier Transform which is repre-
sented as

9@ — 20,y — o) _F_ G(wy,w,)e I ¥ @ow=tdn) (5 9)

This shows that a shift in the origin of the function g(z,y) results
in multiplying G(w,,w,) by the indicated exponential term. Take
the magnitude

|G(ww,wy)||e—jﬂ| = |G (wg,wy)||cos® — jsind|
|G (wg, wy)|[cos® ¥ + sin® ]2

therefore a shift in g(z, y) does not affect the magnitude of its Fourier
Transform. The resultant Fourier spectrum of the normalised polar
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Figure 5.8: Normalised polar images of the Arabic word dJl alnabi - The

Prophet’ written in different handwritten and computer—genérated fonts.

image is invariant to any changes in size, displacement, and rotation
in the original word image.

Since the normalised polar image is a real signal the Fourier
Transform of this image exhibits conjugate symmetry [GW92]

G(wg, wy) = G*(—wg, —wy) (5.11)

where G*(w,, wy) is the complex conjugate of G(wg, wy). This leads
to a more interesting note

|G (wg, wy) = [G(—wg, —wy)] (5.12)
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This means that half the Fourier spectrum is sufficient to reconstruct
the image completely.

Figures 5.9, 5.10, and 5.11 show that the most discriminant Fourier
coefficients are located near the origin. The origin itself is rep-
resented by the basic signal energy of the pattern, G(0,0). This
magnitude is referred to as the DC coefficient because no imagi-
nary part is included. G(0, 0) is proportional to the average value of
the image g(z,y). A normalisation process to the Fourier spectrum
is performed by dividing all Fourier spectrum magnitude values by
the DC coefficient G(0,0). Since G(0,0) has the highest value, the
normalisation process scales all Fourier spectrum magnitudes to the
interval [0, 1].

5.5 Summary

A method of extracting Fourier features from a word image has been
presented. The method transfers the word image into a normalised
polar image in three steps. Firstly, it computes the image centroid.
Then, it calculates the maximum distance between all pixels and the
centroid. Finally, it maps each image pixel into the polar coordinates
using the centroid and the maximum distance values.

To obtain the Fourier features, the method applies the two-dimensional
Fourier Transform to the polar image. This results in Fourier spec-
trum magnitudes which are invariant to changes to displacement,
size, and rotation.

The following two chapters use these features in order to design
two systems used to recognise Arabic words. These systems are
based on template matching and hidden Markov models.
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and (h) are the normalised Fourier spectrums of (a),(c}.{e}, and (g).



CHAPTER 6

TEMPLATE-BASED
RECOGNITION SYSTEM

6.1 Introduction

One of the most common modules in the pattern matching approach
is the method for constructing reference patterns. Each reference
pattern may be represented by a prototype or template vector. The
recognition process is then based upon a certain measure which is
computed relative to these reference patterns.

In this chapter, a template-based word recognition system is pre-
sented. The system is designed for a finite lexicon and each word
in this lexicon is represented by a single prototype that only in-
cludes the lower frequencies of the Fourier spectrum. Recognition is
based on two distance measures from these prototypes. The applied
distance measures are the Euclidean distance and the Standard dis-
tance. The method is applied to modern multi-font manuscripts as
well as historical handwritten manuscripts.

6.2 Pattern-Comparison Techniques

An essential consideration in word recognition is how different word
patterns are compared in order to determine their similarity. De-
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pending on the recognition system specifications, pattern compari-
son can be completed in a wide variety of ways. The common factor
between most pattern comparison techniques is a prescribed mea-
surement of dissimilarity between two feature sets. This measure-
ment of dissimilarity can be handled mathematically if the patterns
are visualised in a feature space.

The most commonly used technique is that of distance measures
which calculates the distance between the input feature set and each
of the reference feature sets in the database in the n-dimensional
feature space.

6.2.1 FEuclidean distance measure

This is the simplest distance measure. This assigns the input feature
set to its closest reference feature set. Using Euclidean distance to
determine closeness reduces the problem of recognition in computing
the distance measures.

The Euclidean distance between two points 7 and j in n-dimensional
space is

ED;; = [|X;—X|

n

= Z(:Ezk - IEjk)2 (61)

k=1

The Euclidean distance performs well when the variance in each
feature is approximately the same since it assigns equal weight to
each dimension in the feature space.

6.2.2 Statistical distance measure

This is also called the standard distance. This may be regarded as
an adjusted Euclidean distance measure. The distance is obtained
by normalising the sample variance. Consider a one-dimensional
feature vector where the standard distance measure between two
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points ¢ and j is given by

SD2 = M 6.2
2 =B (62)
This may be extended to the n-dimensional feature space
X; — X
sp _ X=X
i o
- zn: |zt = 2jn] (6.3)
O .
k=1

6.3 Template Forming

The presence of the discriminant coefficients around the origin allows
a priori reduction in the Fourier coefficients by bounding the range
to the low frequencies. These coefficients have low values for w,
and wy, and they fall in a small frequency band, of an annular-
shape, within the Fourier spectrum. In this chapter, two sampling
densities are considered, see Fig 6.1: the Bandg and the Bandig .
The Bandg includes half the Fourier spectrum coefficients which fall
within a radial frequency %. Since N was chosen to be 64 there are
106 coefficients in this band. The Band;g includes half the Fourier
spectrum coeflicients which fall within a radial frequency %. There
are 402 coeflicients in this band. In both cases the same density is
used for all orientations. As shown in the figure only half the band
is considered. This is due to the conjugate symmetry mentioned in
Eq. 5.12.

In this section, we discuss how reference patterns are created so
that the pattern matching techniques can be properly applied to
achieve the best results.

6.3.1 A Single-Font Case

Only one font, whether typewritten or handwritten, is used to form
the prototype of the word. This is done by selecting one of the nor-
malised Fourier spectrum magnitude samples representing a word
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Figure 6.1: The Fourier spectrum decomposition into smaller frequency
bands, (N = 64): (a) Bands — & =8, (b) Bandis — § = 16. These are
sub-samples of a factor of four of the real illustrations.

w;, 1 = 2,..., W, where W is the lexicon size. In the experiments
described below, W = 145.

6.3.2 Multiple Font Case

Each word in the lexicon is represented by a prototype formed from
the average coefficient values of a sample of training words.

1
pi=— x  i=12..W 6.4
X (64
where v; is the number of word images representing word w; and
is used to calculate this template. This is sufficient for Euclidean
distance measure. For the Standard distance measure, the standard
deviation is calculated to normalise the distance.

1 & gl
oi=—[) (x—p)7 i=12,.,W 6.5
Q&ﬂ& p)l> i (6.5)

XCw;
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Figure 6.2: A block diagram of a conventional template-based pattern recog-
nition system.

6.4 Evaluation Experiments and Results

We have discussed a method of creating templates for words in the
vocabulary and two techniques to compare word patterns. Fig 6.2
shows the block diagram of the word recognition system. However
the performance of the system depends on the distance measures,
and the manner in which the word templates are created.

6.4.1 Typewritten Sample Results

More than 1700 samples representing 145 words were used to assess
the performance of the proposed method. The samples were printed
using four different computer-generated fonts: Simplified Arabic,
Thuluth, Andalus, and Arabic Traditional referred to in Chapter 4
as fonts J, K, L, and M, respectively. The samples were rendered
at random angles ranging from 0 to 27, at random sizes ranging
between 18pt and 48pt, and at random translations up to twice the
size of the sampled word.

A number of experiments were performed. In each experiment,
a template for each word in the lexicon was selected randomly from
those images representing that word in one font. The templates
were then used to recognise word images from all fonts based on the
Euclidean distance measure. Table 6.1 shows the results of these ex-
periments. While each template could successfully recognise word
images of the same font invariant to dilation, rotation, and trans-
lation, it performed poorly with other fonts. This is not surprising
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Testing Training Fonts
Fonts Simplified Thuluth Traditional Andalus
Simplified | Bands 95.86 10.80 14.71 22.30
Bandg 96.09 10.57 13.56 23.45
Thuluth Bands 12.64 99.31 21.38 05.29
Band s 17.24 99.08 24.60 05.06
Traditional | Bandg 28.28 19.54 94.25 12.41
Band s 28.28 19.08 94.25 11.95
Andalus Bands 12.64 02.99 05.06 98.85
Band s 10.80 03.91 04.60 98.62

Table 6.1: Recognition rates (%) of the first set of experiments. Each exper-
iment used a single font to build the template database.

No. of | Template Top 1 Top 5 Top 10
words | size ED SD ED SD ED SD
50 Bandsg 86.46 84.38 | 96.04 92.29 | 97.50 95.00
Bandg 90.00 67.50 | 96.25 80.63 | 96.88 88.33
100 Bandsg 83.25 78.08 | 94.00 90.25 | 96.42 92.33
Bandg 85.50 62.67 | 94.33 76.08 | 96.42 81.75
145 Bandsg 82.73 77.14 | 9292 89.94 | 95.65 92.44
Bandg 85.24 62.26 | 93.21 74.58 | 95.77 79.40

Table 6.2: Recognition rates (%) of typewritten word samples.

since the template did not extract any features from other fonts.

A second set of experiments was performed with word templates
calculated by averaging four normalised word Fourier spectrum mag-
nitude values. The recognition of an input word was based on two
distance measures: the Euclidean (ED) and the Standard (SD) dis-
tance measures. The normalised Fourier spectrum magnitudes of
the input word were compared against all templates in the database,
and the word was then assigned to the word template with the min-
imum distance. Table 6.2 shows the recognition rate results of more
than 1700 typewritten word samples with templates calculated by
averaging Bandg and Bands frequency bands extracted from the
normalised Fourier spectrum magnitudes. The recognition decision
is based on the minimum Euclidean distance measure.
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Fig 6.3 summarises the error rates when the Euclidean and the
Standard distance measures are used to compare an input word
sample with every template. Four curves are shown: two in which
Bandg was used to construct the templates, and the other two where
Band,s was used. The word was assumed to be unrecognised when
it does not appear among the top ten possible alternatives of the
word. The error rate, hence, is the number of unrecognised words
divided by the total number of input words.

25% T
Band8 & ED —+—
Band8 & SD --B--
Bandl16 & ED ---%-- :

_Banle & SD @ | . o ®

159 oo o .

Error rate

5%

0 50 100 150
Wrds in the | exicon

Figure 6.3: Error rate against lexicon size for typewritten fonts.

Fig 6.3 shows that based on the Standard distance measure the
templates formed using Bandg coefficients showed lower perfor-
mance than those formed using Bandg coefficients. This observation
concurs with general experience that some classification functions
seem much more sensitive to the feature dimensionality than oth-
ers. It should also be noted that because templates are formed from
samples written in multiple fonts, the style variations and conse-
quently o are large. This has a dominant effect on the 5D measure.
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Testing Fonts | Top1 Top 5 Top 10
Font J ED | 90.24 97.38 98.81
SD | 61.67 74.76  80.00
Font L ED | 95.71 100.0 100.0
SD | 56.43 69.29 74.76
Font K ED | 92.38 97.38  98.57
SD | 568.57 67.14 72.62
Font M ED | 62.62 97.38 98.81
SD | 72.38 87.14 90.24

Table 6.3: Recognition rates (%) of the four computer-generated fonts of a
145-word lexicon. Templates are Band, g size.

Vocabulary Top 1 Top 5 Top 10

size in words ED SD ED SD ED SD
50 93.89 59.44 | 98.61 75.00 | 99.44 83.06
100 93.22 56.89 | 98.11 68.56 | 98.89 74.78
145 92.22 5397 | 97.62 65.87 | 98.17 71.35

Table 6.4: Recognition rates (%) of three computer-generated fonts: J, K,
and L. Templates are Bandg size.

To understand the difference in performance when using Eu-
clidean or Standard distance measures, each computer-generated
font was investigated separately in Table 6.3 using the same word
templates used to report the results of Table 6.2. Table 6.3 shows
that the first three fonts J, K, and L perform better when using the
Euclidean distance measure where font M has a higher recognition
rate than when using the Standard distance measure which includes
the standard deviation ¢ in the calculations. This indicates that
the first three fonts have a similar shape structure. To check the va-
lidity of this claim, another experiment was performed where each
word template is formed by averaging one Fourier spectrum magni-
tude set from each of the three fonts J, K, and L. Table 6.4 shows
the recognition rates for different vocabulary sizes. For a 145-word
lexicon an increase of 7% in recognising the exact word is achieved
when discarding font M.
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100% 100%

(a) J,K,L and M (b) JK and L

Figure 6.4: Three-dimensional depictions of confusion matrices for two dif-
ferent font sets, subjected to: {a) 252300 recognition tests, and (b) 189225
recognition tests.

Fig 6.4 shows the confusion matrix depections of these two situ-
ations. It illustrates that the first situation which covers the fonts
J, K, L and M has a lower recognition rate than the second situation
which only covers the fonts J, K and L. Bandg template size was
used in both situations to build word templates, and the recognition
was based on the minimum ED measure.

6.4.2 Single Handwritten Font Results

In Chapter 4, a number of manuscripts were illustrated which are
stored in the Cambridge University Library (UL). Sample words
extracted from those manuscripts were used to build the template
database. At the beginning each handwritten font was tested sep-
arately to have an indication of how consistent the writing style
of that font is. Nine experiments were performed on samples rep-
resenting 145 words and extracted from the nine manuscripts. In
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Template size | Top 1 Top 5 Top 10
Bands 84.06 93.52  95.99
Bandsg 85.51 93.61 96.16

Table 6.5: Recognition rates (%) of the four selected fonts: A, B, J, and L
of a 145-word lexicon. Euclidean distance is used as a dissimilarity measure.

each experiment a template for each word in the lexicon was selected
randomly from word images in one handwritten manuscript. The
templates were then used to recognise word images from the same
font.

According to figures 6.5 and 6.6 the nine fonts can be divided into
five groups relative to the recognition error rate percentage. Font B
shows the best performance among the nine which indicates that it
has the most consistent writing style amongst all the handwritten
fonts. Fonts A and E follow, then fonts C, G, and I come third,
and in fourth place come fonts F' and H. Finally, in fifth place and
with an error rate of more than 25%, font D represents the most
inconsistent writing style among all the manuscripts.

6.4.3 Four-Font Experiments

Two experiments were performed on four selected fonts: two fonts
were handwritten A and B, and the other two were computer-
generated fonts J and L. Fonts A and B were selected because they
have the best consistent writing style amongst the nine handwritten
fonts as previously illustrated.

The word templates were formed by calculating the average val-
ues of the Fourier spectrum magnitudes of one randomly selected
word sample from each selected font. Table 6.5 illustrates the recog-
nition rates for these experiments. The table shows an increase of
less than 2% in the recognition rate when using Bandig instead of
Bandg. Table 6.6 shows the detailed recognition rate of each font
separately.
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Testing Fonts Top1l Topb5 Top 10
Font A Bandg | 65.22 81.30 87.83
Bandg | 66.09 81.74  88.70

Font B Bandg | 79.61 87.38 92.20
Bandig | 79.61 89.32  92.23

Font J Bandg | 86.67 96.43 98.33
Bandig | 88.33 96.43  98.10

Font L Bandg | 92.86 9881  99.05
Bandig | 94.76  99.05  99.29

Table 6.6: Recognition rates (%) of each of the four selected fonts: A, B, J,
and L of a 145-word lexicon.

6.4.4 All-Font Experiments

Two experiments were performed using word templates calculated
by averaging the Fourier spectrum magnitudes of one randomly
selected word sample from each font, handwritten or computer-
generated, as in Eq. 6.4. Thirteen word samples were used to cal-
culate a word template. The inconsistent writing styles of most of
these fonts produced distorted word templates which were not sim-
ilar to any of the fonts. Moreover, these word templates performed
poorly for both handwritten and computer-generated fonts.

Fig 6.7 summarises the recognition error rate of Bandg and Bandg
templates. Four curves are shown for the Euclidean and the Stan-
dard distance measures. This figure proves that although the spec-
tral features are well defined between different words they are not
suitable to be used with a template-based recogniser, especially if
the input word samples are handwritten. This requires a kind of
learning method to be able to adopt to variant writing styles.

6.4.5 Single-Font Performance

The performance of two different fonts were investigated: font A
and font L. Font A is a handwritten font with a good degree of con-
sistency in writing style. Font L is an Arabic Traditional computer-
generated font. The comparison took place when word templates
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Figure 6.7: Error rate against lexicon size. Word templates are formed from
all fonts mentioned in Chapter 4.

were formed from the font itself, with a limited number of fonts,
and with all the available fonts.

6.4.5.1 Font A performance

This considers three different cases. In case one each word template
was formed by randomly selecting one sample from those samples
representing that word. This gives us an indication of the consis-
tency of the writing style, as previously discussed. In case two four
fonts were included in forming word templates, two were handwrit-
ten and two were computer-generated. Each word template was
calculated by averaging four word samples that were randomly se-
lected from those samples representing that word, one sample from
each font. In case three all fonts previously mentioned in Chapter
4, were included in calculating word templates.

Fig 6.8 illustrates the recognition rate of word samples from font
A in the three cases. It is obvious that case one represents the
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Figure 6.8: Font A recognition rate against lexicon size.

highest rate among the three since the word templates were not
distorted by any other font which might have a different word shape.
Case two and case three represent the same concept in which the
word templates do not represent any of the participating fonts. They
otherwise represent a distorted version, the average, of all of them.
The effect of this is clearer in case three since more fonts participate
in calculating the average values.

6.4.5.2 Font L performance

This considers four different cases. In case one each word template
was formed by randomly selecting one sample from those samples
representing that word. This gives us an indication of the consis-
tency of the writing style, as previously discussed. In case two three
computer-generated fonts were included in forming word templates:
J, K, and L. Each word template was calculated by averaging three
word samples that were randomly selected from those samples rep-
resenting that word, one sample from each font. Case three was
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Figure 6.9: Font L recognition rate against lexicon size.

similar to case two except that one more computer-generated font
was added, font M Andalus. This font had a negative effect on
the entire performance of the recogniser as shown in Fig 6.9. Case
four grouped four fonts to form each word template, two were hand-
written and two were computer-generated. Each word template was
calculated by averaging four word samples that were randomly se-
lected from those samples representing that word, one sample from
each font. In case five all fonts, previously mentioned in Chapter 4,
were included in calculating word templates.

Fig 6.9 illustrates the recognition rate of word samples from font
L in the five cases. As previously mentioned, when considering font
A, case one, here, represents the highest rate among the five cases
as the word templates were not distorted by any other font which
might have a different word shape. Case two is a special situation of
case three. In case three all the computer-generated fonts mentioned
in Chapter 4 were included to form the word templates. In case two,
font M was discarded which had a unique word shape that did not
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harmonise with the other three. This enhanced the recognition rate
of the word samples from font L. Case four and case five represent
the same concept in which a mixture of handwritten and computer-
generated fonts were included to form the word templates. This
resulted in a distorted version of all word samples. The effect of this
is clearer in case five since more fonts were included in calculating
the average values.

6.4.6 Recognised Word Samples

Some of the word samples that were successfully recognised using
the proposed template-based recogniser, are shown here. The fig-
ures illustrate various aspects of the system’s performance on the
handwritten manuscript samples.

Fig 6.10 shows eight case of typical recognition of a word with a
similar but not identical word defining the template.

Fig 6.11 shows a situation where a word was correctly recognised
despite the difference in diacritics which is a common orthographic
variation.

Fig 6.12 shows that recognition is likely in the presence of ex-
traneous data, in this case, parts of characters from neighbouring
words. The method used for isolating words within the manuscript
relies on white space to separate words. If parts of neighbouring
characters overlap in the white space, it is possible for the method
to include these parts as extraneous data.

Fig 6.13 illustrates a situation where a considerable amount of
noise has distorted the image. This situation is interesting because it
shows a word from which it is difficult to extract a reliable contour or
stroke path using standard methods for skeletonisation or thinning.

Fig 6.14 shows a situation where parts of certain characters are
missing either from the word template or from the input word sam-
ple. As in Fig 6.13, using a conventional feature extraction method
is problematic because the stroke can be broken into many small
pieces, giving no useful features. By contrast, the template-based
system uses pixels as ‘evidence’ for a particular interpretation.
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Figure 6.10: Word templates and samples: (a,b) ‘Eg}- Village', (c.d) JJ\:\.J-

- Abdullah’, (ef) ‘- A year’, (g,h) ‘aas - A lesson’, (ij) ‘JZ.;'— Omar’, (k,I)

‘=] - Some’, (m,n) ﬁ— Male’, and (o,p) ‘}x& - This’. Word templates are

framed.
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Figure 6.11: Word templates and samples: (a,b) ‘J:Iﬂ— The night’, (c,d) ‘13a

- This', {e/f) Gl2T- The Caliphs’, and (g,h) ‘25 - Mecca’. Word templates

are framed.

(a)

0¥

(b)

Figure 6.12: Word templates and samples: (a,b) ‘5§ - Was', and (c,d) ‘&S’
- A book’. Word templates are framed.

6.5 Summary

I have presented a template-based system for recognising cursive
Arabic words. Each word in the lexicon was represented by a sin-
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Figure 6.13: Word templates and samples: (a,b) ‘ 52 - Mohammad', (c,d)

‘Js2 7 - Be pleased’, (ef) ‘83215 - Single’, and (g,h) (}-‘Jl - The science’.
Word templates are framed.

A LA & O

(a) (b) (©) (d)

Figure 6.14: Word templates and samples: (a,b) \:.;:\Jl - This life’, and (c,d)

‘_s7 - Sons of". Word templates are framed.

gle template. This template was formed by binding the range of
the Fourier coefficients, described in the previous chapter, to low
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frequencies.

The template-based recogniser performed well in recognising type-
written fonts, and individual handwritten fonts with a consistent
writing style. In contrast, it performed poorly when a template was
formed from multiple handwritten fonts. This was due to the av-
eraging process of different word samples. The process produced
a distorted Fourier spectrum magnitudes as far as each individual
font is concerned. To remedy this a learning method for extracting
Fourier features from each single font should be implemented. In
the following chapter hidden Markov models play this role.






CHAPTER 7

MULTI-HMM
RECOGNITION SYSTEM

7.1 Introduction

Chapter 5 discusses the usage of spectral features for recognising
Arabic words. These features are discriminating word samples to the
extent that a template-based recogniser with a simple dissimilarity
measure can achieve up to 99.52% recognition rate for a typewritten
font and 93.2% for a handwritten font. A drawback of this approach
is that when word samples are taken from different fonts, typewrit-
ten and handwritten, to form the word templates, these templates
are not robust enough to extract features from participating fonts.
This is because the templates are formed by averaging a number
of Fourier spectrum magnitudes. The averaging process produces a
very distorted Fourier spectrum magnitude set, as far as each sep-
arate font is concerned. This motivates using a learning method
to train the model with spectral features extracted from each font.
Doing this enables the model to efficiently recognise word samples
from all fonts that the model is trained for.

This chapter presents a method to recognise cursive Arabic words.
This method combines the techniques of VQQ and HMM (see Chap-
ter 3) together with the spectral features of word samples. Both
techniques are trained for the 145-word vocabulary used in Chapter
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6. Each word in the vocabulary is represented by a distinct HMM.
The normalised polar transform described in Chapter 5, is first ap-
plied to the word image. The two-dimensional Fourier Transform is
then applied to the polar image. The resulting Fourier spectrum is
divided into a sequence of wedge-shaped sectors. These sectors are
vector quantised into a finite codebook, where each sector represents
one observation or symbol. The recognition process consists of com-
puting the likelihood probability of an input word against each word
model and assigning the word model with the highest probability.

7.2 VQ Implementation

In Chapter 3 we learned that the inputs to the HMM are sequences
of discrete symbols selected from a finite codebook. This codebook
is formed using the method of VQ, Sec 3.2, of the spectral feature
sets measured as described in Chapter 5. In this section I discuss
the implementation of VQ for word recognition.

7.2.1 Dimensionality Reduction

In speech processing the input speech signal is a one-dimensional
time varying signal [DPH93]. The pre-emphasised signal is divided
into a frame sequence. Then using Linear Predictive Coefficient
(LPC) analysis each frame is transformed into a p-dimensional spec-
tral vector. A practical concept of building a codebook of distinct
vectors attracts the work done in implementing a VQ technique
[RLS83, LRS83, RJLS85].

Unlike the situation for speech signals, applying the Fourier trans-
form to images results in a two-dimensional matrix. This is pro-
hibitive for subsequent VQ and feature extraction operations. One
alternative is to reduce the dimensionality of the problem from the
entire space bandwidth of the input to a 64-dimensional vector such
as a Wedge-Ring Detector (WRD) [LS70, CS83, CF84]. WRD sam-
ples the Fourier transform plane by detecting 32 wedge-shaped ele-
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Figure 7.1: The Wedge Ring Detector (WRD) of the Fourier spectrum.

ments in one-half of a circular detector and 32 annular-shaped de-
tector elements in the other half, see Fig 7.1. The ring detector
elements provide rotation-invariance, whereas the wedge detector
elements provide scale-invariance.

In this case, the resulting Fourier spectrum magnitudes are scale,
translation, and rotation invariance. Moreover, half the Fourier
spectrum is sufficient to handle the recognition successfully, as il-
lustrated in Chapter 5. However, the value set is still considered as
a two-dimensional signal. Hence, to reduce the dimensionality of the
problem, half of the Fourier spectrum magnitudes are divided into
six sectors, as shown in Fig 7.2. Each sector is a 30° wedge-shaped
sampling window. This obtains the contributions of adjacent di-
rections and has two advantages: reducing the number of samples
required and reducing the effect of small variations.

7.2.2 Segmental VQ

Each sector of the six sectors previously described has a different
number of Fourier coefficients and more critically represents the
contributions of a separate direction group within the Fourier spec-
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Figure 7.2: The Fourier spectrum decomposition into six adjacent sectors.

trum. Using a single vector quantiser for all sectors of the Fourier
spectrum does not preserve the sequential characteristics of these
sectors. This can be remedied by treating the Fourier spectrum as
a concatenation of these sectors each of which is represented by a
separate VQ codebook. This approach is referred to as a segmental
V@, and it is widely implemented in speech recognition [RJ93].

As in a single vector quantiser each set of S successive codebook
symbols represents one class, S = 6. The discriminant score of a
class equals the average value of the distance measures obtained from
the successive vector quantisers. Assume we have I word samples
as a training set, each sample has S Fourier spectrum sectors, a,
s =1,2,...,5. There are S codebooks, each one of them has M
vectors, a;,, m=1,2,..., M and s = 1,2, ..., 5. The average distance
measure of assigning a word sample to one class of S successive
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af) is the Euclidean distance measure between the code-

This increases the complexity of the codebook storage by a factor

of S. While it preserves the same computational complexity as a

single codebook based vector quantiser.

7.2.3 VQ Results

In this chapter, the VQ algorithm is applied to three different cases.

In each case, the vector quantiser is trained using a set of Fourier

spectrum magnitude vectors.

1. Case-I

The training vectors here are obtained using all word samples
representing different computer-generated fonts. The training

set contains 10,440 vectors.
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2. Case-II
The training vectors here are extracted from all word samples
representing fonts A, B,J, and L. The training set contains
7,038 vectors.

3. Case-III
The training vectors here are obtained using all word samples
representing all fonts listed in Chapter 4. The training set
contains 20, 220 vectors.

Applying the K-means clustering algorithm, as described on page
53, six successive vector quantisers were generated each with a sep-
arate codebook. During the course of running the algorithm the
average distortion performance criterion, referred to as ||Dy|| in
Eq. 7.2, was monitored. Fig 7.4 shows the plots of ||Dy,|| versus
M, on a log scale, for M = 64,128, and 256. One can notice a
large decrease in the average distortion when the number of clusters
in each codebook increased from M = 64 to M = 128. This sig-
nificant difference justifies the increased computation owing to the
larger codebook. Where there is a small difference in the average
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distortion between M = 128 and M = 256 this justification does
not apply. This can also be related to the HMM-based recognition
system performance as we will see later in this chapter.

7.3 HMMs For Word Recognition

The word sample is now transferred into a finite sequence of obser-
vations. The system is designed using multiple HMMs where each
distinct word in the lexicon is represented by a separate model. The
system can be described in two phases. In the training phase, the
HMMs are built using a labelled training set of data. In the recog-
nition phase an input word observation sequence is used to compute
the probability scores of the word models. The word model with the
highest probability score is selected as the recognised word. In this
section, these two phases are discussed.

7.3.1 The Training Phase

The implementations of normalised polar transform and Fourier
transform to the word image result in a two-dimensional Fourier
spectrum. Using the VQ, as described in the previous section, trans-
fers this spectrum into a sequence of observations. Here each word
model is trained with observation sequences representing that word
from different fonts. The process includes adjusting the model pa-
rameters in order to maximise the model probability given the ob-
servation sequences.

Three factors affect the determination of the optimum HMMs for
each lexicon word: the model structure, the estimate of the model
parameters, and the observation sequences used for training.

7.3.1.1 The model structure

Different HMM types are reviewed in Sec 3.3.3. Among those types
is the serial or the left-to-right model. This model proceeds sequen-
tially through the states starting from state number one and it can
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SRR

Figure 7.5: The HMM with serial constraints, only one skip is allowed.

be generalised to include any number of states, though an accurate
estimation of the model parameters can be difficult if the number of
states per model becomes too large. In this chapter, the left-to-right
type is selected for the word models where the number of states N
equals 6, see Fig 7.5. This constrained serial model allows only one
transition from a state to its successor. It can be mathematically
represented as

aij=0 if i>5 or i<j-—1

7.3.1.2 The estimation of the model parameters

The left-to-right HMM structure requires tuning only A and B pa-
rameters. The initial probability parameter 7 has a binary value

1 2=1
T = .
0 1=2,3,..,N

The Baum-Welch training procedure mentioned in Sec 3.3.2.3 is
guaranteed to reach a local maximum. However, an alternative start
of model parameter values could yield models with higher or lower
values of P. For the current experiments, the elements of A and
B were assigned different randomly selected values, followed by a
normalisation process to satisfy the constrain

N

a; =1 i=1,2,.,N (7.3)
j=1

M
b)) =1 j=1,2,.,N (7.4)
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Equations 3.37 and 3.37 are used to reestimate A and B matrices.
However for a finite training sequence of length T', b;(k) may equal
zero. This concludes that a;—1 (%) is not zero for only one value j.
This is known as an inadequate training data problem. To remedy
this, post-estimation constraints on b;(k)’s are used as follows

j
k= 1,2,..,. M (7.5)

where € is a predefined threshold value. After the replacement b;(k)’s
are normalised again.

7.3.1.3 Multiple observation sequences

Word samples are taken from different fonts, typewritten and hand-
written. The objective of the recognition system is to obtain font-
independent models. The observation sequence, O, actually consists
of several independent sequences O®) k =1,2, ..., K, where O® is
the training sequence for font k£, and K is the total number of fonts
used for training the word models. A complete list of different fonts
used in this work is shown in Chapter 4. The likelihood probability
of multiple observation sequences is handled in a two step process.
Using Eq. 3.7, the first step calculates P(O®)|)) for each sequence,
taking into consideration that the process starts from state 1. The
second step maximises the product of the probabilities

P=]]PO®) (7.6)
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Figure 7.6: A block diagram illustrating HMMs competition in assigning the
input observation sequence to the winning model.

The A and B reestimation formulas 3.37 and 3.37, found on page 65,
are adjusted accordingly
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7.3.2 The Recognition Phase

Like the image training phase the procedures of the normalised polar
transform, the two-dimensional Fourier transform and the Fourier
spectrum decomposition are first applied to the word image to be
recognised. Each sector is then assigned to a symbol using the classi-
fication algorithm, K-means clustering. Finally, with model param-
eters from the training phase a scoring procedure, which is based on
the Viterbi algorithm, is applied to compute the likelihood probabil-
ity of the input observation sequence O given the model A, P(O|A,),
v=12,...,V. Where V is the number of words in the lexicon. The
scoring procedure is as follows:

1. For each word model in the lexicon perform steps 2 through 5.

2. Preprocessing

~ log(aZ]) ]SZS]+17.7:17277N
ij : 7.9
% { log(¢) Otherwise (7.9)
bi(o) = loglbi(o))], 1<i<N,1<t<T (7.10)

where 0 < ( << 1 to avoid undefined value for log(0)

3. Initialisation

T 51(01) ’Lf 1 =1
0(3) = { log(¢) Otherwise,i =2,3,...,N (7.11)

4. Recursion

0(j) = max [6e-1(6) + @i + b;(o¢)] (7.12)

1<j<N,2<t<T
5. Termination
P(O|),) = ér(N) (7.13)
Now select the word whose model likelihood is highest, i.e.

v* = arg 1I<nvab<>%/[P(O|)\U)] (7.14)
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7.4 Recognition and Evaluation

Each word image was transformed into a normalised polar image,
as described in Chapter 5. Then the Fast Fourier Transform was
applied to the polar image. This resulted in Fourier spectrum mag-
nitudes that were invariant to translation, dilation, and rotation
changes. This two-dimensional signal was reduced into a one-dimensional
signal by dividing half of the Fourier spectrum into six consecutive
30° wedge-shaped sectors. Using six different codebooks each sec-
tor was assigned to one symbol based on the minimum Euclidean
distance. Each word image was then represented by six consecutive
symbols/observations. The observation sequences were used to train
word models and each model represents one word in the lexicon.

Several evaluation tests were performed for each one of the three
cases mentioned in Sec 7.2.3. In this section, the performance of
each case is discussed separately. Beside this, the performance of
the HMM-based and template-based recognisers are compared.

7.4.1 Case-1

More than 1700 samples representing 145 words were used to assess
the performance of the HMM/VQ word recogniser. The samples
were printed using four different computer-generated fonts: Simpli-
fied Arabic, Thuluth, Andalus, and Arabic Traditional referred to in
Chapter 4 as fonts J, K, L, and M, respectively. The samples were
rendered at random angles ranging from 0 to 27, at random sizes
ranging between 18pt and 48pt, and at random translations up to
twice the size of the sampled word.

Four experiments were performed. Using six 128-symbol code-
books, the first experiment assigned each one of the six Fourier spec-
trum sectors to one symbol. The word image was transferred into a
six-observation sequence. Each word model was then trained using
four observation sequences, one from each font. This experiment
used 33% of the data set to train the word models and is referred to
as HMM — I1/128. The second experiment used the same number
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Figure 7.7: Recognition rates of typewritten word samples.

of symbols per codebook, and 66% of the data set to train the word
models. This experiment is referred to as HMM — 12/128. In the
third experiment each codebook was partitioned into 256 symbols.
Like the first experiment 33% of the data set was used to train the
word models. This experiment is referred to as HMM — I11/256.
The fourth experiment is similar to the previous experiment except
that 66% of the data set was used to train the word models. This
experiment is referred to as HMM — 12/256.

Fig 7.7 illustrates the recognition results of the four experiments
together with the performance of the template-based recogniser de-
scribed in the previous chapter. The template-based recogniser used
Bandg-size word templates and the Euclidean distance measure.
Three remarks can be concluded from this figure: first, a 7% in-
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Figure 7.8: The effects of the codebook and the training data set sizes on
the recognition rate.

crease in the recognition rate was achieved when using the HMM.
This is due to the fact that unlike the word template, which was
distorted by the averaging process of different writing styles, word
models adjust their parameters to learn the features extracted from
each font. The second remark is regarding the amount of obser-
vation sequences used to train the word models and how they are
proportional to the recognition rate. An increase of 9% was achieved
when the size of the training set was doubled from 33% to 66%, see
Fig 7.8. The third remark is concerned with the number of symbols
in each codebook. Sec 7.2.3 shows that the minor difference in the
average distortion when M = 128 and M = 256 does not justify the
increased computation owing to the larger codebook. This can also
be noticed when considering HMM —11/128 and HM M — I11/256,
or HMM — I12/128 and HMM — 12/256. An increase of only 1.5%
was achieved when the codebook size was doubled.

Table 7.1 shows the recognition rates of each computer-generated
font separately. The table compares the performance of the four ex-
periences together with the template-based recogniser. For fonts
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Recognition Font J Font K
System Top-1 Top-5 Top-10 | Top-1 Top-5 Top-10
Template Bandig | 90.24 97.38 98.81 | 95.71 100.0  100.0
HMM —11/128 | 89.76 9524 97.14 | 9548 99.05 99.29
HMM —13/256 | 91.43 97.86 98.57 | 96.67 99.05 99.52
HMM —12/128 | 98.81 100.0 100.0 | 98.57 99.76  100.0
HMM —I14/256 | 99.29 100.0 100.0 | 98.81 99.76  100.0
Font L Font M
Top-1 Top-5 Top-10 | Top-1 Top-5 Top-10
Template Bandg | 92.38 97.38 9857 | 62.62 78.10 85.71
HMM —11/128 | 86.90 94.29 96.67 | 97.62 99.05 99.76
HMM —13/256 | 90.71 95.71 97.38 | 97.38 99.29  99.76
HMM —12/128 | 98.10 99.76 99.76 | 99.05 100.0  100.0
HMM —I4/256 | 99.76 100.0 100.0 | 99.76 100.0  100.0

Table 7.1: Recognition rates (%) of typewritten word samples representing
145-word lexicon.

J, K, and L the templates-based recogniser showed competitive re-
sults relative to the HMM-based recogniser because of the similarity
between these fonts. In contrast the HMM-based recogniser sur-
passes the template-based recogniser when recognising word sam-
ples from font M. This means that the HMM-based recogniser
outperforms the template-based recogniser with regard to overall
typewritten word samples, see Fig 7.7.

Fig 7.9 shows six different confusion matrices for the computer-
generated fonts of the 145-word lexicon. The sub-figures represent
a 128-symbol codebook with 33% and 66% of the data set used
for training purposes, and a 256-symbol codebook with 33% and
66% of the data set used for training purposes. They also include
the performance of the template-based recogniser mentioned in the
previous chapter.

7.4.2 Case-11

In this case, four fonts, from the available thirteen fonts listed in
Chapter 4, were selected. Two of these fonts were handwritten A
and B, and the other two were typewritten J and L. There are



MULTI-HMM RECOGNITION SYSTEM Ch.7

138

100% 100%

50 wordsin the lexicon

(a) Bandg template-based recogniser (b) HMM-I1/128 (c) HMM-12/128

100% 100%

Wordsinthelexicon 50

(d) Bandis template-based recogniser (e) HMM-I1/256 (f) HMM-12/256

Figure 7.9: Three-dimensional depictions of confusion matrices for the computer-generated fonts, subjected to 252300 recog-
nition tests. In (b) and (e} 33% of the data set was used for training, while in {c} and (f} 66% of the data set was used for
training.
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Figure 7.10: Recognition rates of word sample from fonts: A, B, J, and L.

some word shape similarities between the four fonts, and this was
the reason behind choosing them. Furthermore, fonts A and B have
the best consistent writing style among the nine handwritten fonts,
see figure 6.5 and 6.6. Two experiments were performed. The first
experiment used 128 symbols per codebook, whereas the second ex-
periment used 256 symbols. Both experiments used 44% of the data
set for training the word models. Fig 7.10 illustrates the recognition
results of the two experiments together with the performance of the
template-based recogniser, described in the previous chapter. The
template-based recogniser used Bandig-size word templates and the
Euclidean distance measure.

Table 7.2 shows the recognition rates of each font separately. The
table compares the performance of the two experiements together
with the template-based recogniser.

Fig 7.11 shows different confusion matrices of the 145-word lex-
icon for the four fonts. The figure compares the performance of
four recognition schemes: the 128-symbol codebook, the 256-symbol
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Figure 7.11: Three-dimensional depictions of confusion matrices for two
recognition systems, subjected to 174435 recognition tests. Included fonts
are: A, B, J, and L. In (c) and (d) 40% of the data set was used for training

the word models.
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Fonts | Recognition Recognised word

System Top-1 Top-5 Top-10
Template Bandig 66.09 81.74 88.70
A HMM 128 Clusters | 77.39 87.39  90.00
HMM 256 Clusters | 80.00 86.09 89.13
Template Bandig 79.61 86.41  92.23
B HMM 128 Clusters | 87.38 93.20  96.12
HMM 256 Clusters | 90.29 94.17  96.12
Template Bandg 88.33 96.43 98.10
J HMM 128 Clusters | 89.76 95.00 95.71
HMM 256 Clusters | 89.05 95.00 97.62
Template Bandg 94.76  99.05 99.29
L HMM 128 Clusters | 88.33 95.71  97.62
HMM 256 Clusters | 89.52 95.00  96.19

Table 7.2: Recognition rates (%) of four font word samples representing 145-
word lexicon.

codebook, the Bandg template-based, and the Bands template-
based.

7.4.3 Case-II1

More than 3, 300 word samples extracted from the thirteen different
fonts, and representing 145 words were used to assess the perfor-
mance of the HMM /VQ word recogniser in this case. Four exper-
iments were performed. Using six 128-symbol codebooks, the first
experiment assigned each one of the six Fourier spectrum sectors
to one symbol. The word images were then transferred into six-
observation sequences. Each word model was trained using obser-
vation sequences representing its equivalent word. This experiment
used 47% of the data set to train the word models and is referred
to as III11/128. The second experiment used the same number
of symbols per codebook and more training sequences; 66% of the
data set was used for training the word models. This experiment
is referred to as I112/128. In the third experiment each codebook
was partitioned into 256 symbols. Like the first experiment 47% of
the data set was used for training the word models. This experi-
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Figure 7.12: Recognition rates of word samples from all available fonts:
A,B,C,D,E,F,G,H,I,J,K,L, and M. The recognised word appeared as

the first option.

ment is referred to as II1711/256. The fourth experiment is similar
to the previous experiment except that 66% of the data set was

used for training the word models. This experiment is referred to

as 1112/256.

Fig 7.12 and Table 7.3 illustrate the recognition re-

sults of the four experiments together with the performance of the
template-based recogniser, described in the previous chapter. The
template-based recogniser used Band;g¢-size word templates and the

Euclidean distance measure. Table 7.4 shows detailed recognition

Table 7.3: Recognition rates (%) of the four experiments and the template-

based recogniser.

Recognised word
Topl Topb Top 10
I11/128 | 77.27 8751  90.40
ITI1/256 | 80.19 87.85  90.88
I112/128 | 85.29 91.31 93.10
I112/256 | 86.57 90.64  93.13
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results for each font of the thirteen fonts. The table compares the
performance of the four experiments and the template-based recog-
niser with Band,g-size word templates.

Fig 7.13 shows the confusion matrices of the 145-word lexicon
for all the thirteen fonts presented in Chapter 4. Beside the per-
formance of the template-based recogniser, Bandg and Bandg, the
performance of HMM-based recogniser is also included.

7.4.4 Recognised Word Samples

Some of the word samples were not recognised by the template-
based recogniser whereas they were successfully recognised using the
HMM-based recogniser are shown here. Fig 7.14 illustrates some
of the input word samples. It also shows the word samples the
template-based recogniser used to calculate the averaged templates
representing those words. There is a difference between the template
and the input sample word shapes. This made the recognition very
difficult using a simple template-based recogniser. HMMs managed
to recognise those words, which improved the recognition rate to
85% for all font samples. However, HMMs were not capable of
recognising all input word samples, even with 66% of the data set
used for training the word models. Fig 7.15 shows some of the input
word samples which could not be recognised using HMMs.

7.5 Summary

A method of recognising cursive words in Arabic manuscripts has
been presented. The word-model method was designed using mul-
tiple HMMs, where each word in the lexicon was represented by a
separate HMM. The word models were trained using the Fourier
spectrum magnitudes, described in Chapter 5.

The Fourier spectrum of a word sample was divided into six
wedge-shaped sectors. Each sector was assigned to one codebook
symbol. This transferred the word image into a six-observation se-
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Figure 7.14: Word templates and samples: (a,b) ‘s <whu - About him’,

H

(c.d) u.if\ﬂ ad-din - The religion’, (e,f) J.:- da - On’, (g,h) “é-uj wasllam

- May peace be upon’, (i,j) u“\:"’ <abbas - Abbas’, and (k,l) J.\_.:‘ amar -

Prince’. Word templates are framed.

quence. To overcome the variation of the sector sizes, the sequential
VQ was implemented. This required the use of six codebooks, one

for each sector group.

Part of the data set was used for training the word models,

while the rest was used for assessing the recognition system per-
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Figure 7.15: Word samples that HMMs could not recognise correctly: (a)
‘o hayr - Goodness’, and (b) ‘r\.ﬁ.ﬂ as-gam - Al-Sham’.

formance. The system achieved a higher recognition rate compared
to the template-based recogniser, described in Chapter 6.






CHAPTER 8

STRUCTURAL
FEATURES OF ARABIC
WORDS

8.1 Introduction

Chapter 5 presents a method to extract spectral features from a
word image. A single feature vector represents the entire word.
The method is sensitive to the centroid position. A more robust
algorithm is required in order to extract a feature set that is capable
of tolerating variations in handwritten script.

In this chapter I present two techniques for extracting structural
features from cursive Arabic words. After preprocessing, the skele-
ton of the binary word image is decomposed into a number of links
in a certain order. In the first technique, each link is transformed
into a feature vector. The target features are the curvature of the
segment, its length relative to other segment lengths of the same
word, the position of the segment relative to the baseline of the
skeleton, and a detailed description of curved segments. In the sec-
ond technique, each link is resolved into small line segments using
edge linking. By measuring the Euclidean distance and the orien-
tation angle for these line segments, each link is transformed into a
sequence of feature vectors.
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Figure 8.1: Base line estimation. Each base line is marked with a black
straight line.

8.2 Preprocessing

The image of the word to be recognised is introduced to the system
as a matrix of black pixels (the foreground) and white pixels (the
background). In this section, a number of steps used to prepare the
word image for feature extraction are discussed. These steps include
base line estimation, thinning, and skeleton modification. But first,
to ensure better processing for the word image a smoothing process,
refer to Sec 2.4.2.1, is applied which reduces noise in that image.

8.2.1 Base Line Estimation

This is a horizontal line that runs through the connected primitives
of a text. In a binary image test, the baseline will have the maximum
number of black pixels. For handwritten scripts, the situation holds
this simplicity in deciding the base line with precision. This is due
to the movement of the pen above and below this line. However,
this crude estimation of the base line is sufficient for the method so
as to fix a reference point used later to decide the relative position
of diacritics, especially dots, above or below this line.
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8.2.2 Thinning

Reducing the strokes in the writing to a width of one pixel will defi-
nitely simplify traversing them later. Sec 2.4.2.5 reviewed a number
of thinning algorithms. Here I am implementing the Zhang-Suen
algorithm [ZS84]. This is a parallel method where the pixel’s new
value depends only on the values known from the previous itera-
tion. There are two sub-iterations within each iteration. In the
first sub-iteration, a pixel is marked for deletion if the following four
conditions are fulfilled:

N Na | N | OO0 | @O @

e N OO0 | 00 e

Ng | N, | Ng OO0 ® 0 O
(@) P=1 (b) Cn =0 (©) Cn =1

Figure 8.2: An illustration of the connectivity number. N; is one if the pixel
is white

1. Its connectivity number is one. The connectivity number is a
measure of how many objects a particular pixel might connect.
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One measure [Par97] to calculate this number is shown below

Cn = ZNk - (Nk X Nk+1 X Nk+2) (81)
keS
where Ny is the colour value of one of the eight neighbours
of the pixel under processing, and S = 1,3,5,7. The connec-
tivity number can also be the number of transitions from the
foreground (black) to the background (white) within the pixel
8-neighbours, see Fig 8.2.

8
k=1
iftk>8=k=k-8

2. It has between two and six black neighbours.
3. At least one of N, N5, and N; are white.
4. At least one of N{, N3, and N; are white.

All pixels marked for deletion are deleted. The second sub-iteration
is the same except for conditions three and four

1. At least one of N3, N5, and N; are white.
2. At least one of N, N3, and Ny are white.

At the end of the sub-iteration all pixels marked for deletion are
deleted. If at the end of either sub-iterations there are no pixels for
deletion, then the algorithm is completed.

8.2.3 Skeleton Modification

Thinning algorithms produce, in general, distorted skeletons [GH92,
JC92, LLS92, FCW98], as shown in Fig 8.3. To remedy this the
skeleton needs to be modified in order to remove spurious branches
and merge false feature points. A feature point is a black pixel in
the skeleton which has a connectivity number which does not equal
two. The connectivity number of that pixel may equal one, three,
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Figure 8.3: Results of thinning algorithms.
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Figure 8.4: Skeleton modification: (a) the word skeleton imposed on the
word contour, (b) merging adjacent feature points and calculating new group
centres, and (c) reconstructing the word skeleton.
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or four, and that pixel is referred to as an End point, Branch point,
or Cross point, respectively.

The local features of the skeleton are affected by the thinning
algorithm. For example, the cross point is resolved into two neigh-
bouring branch points. Thus, it is important to use both the original
and the thinned word images to correct the resultant skeleton. The
applied technique here is an adaptation of that used in [LH90] where
the maximum circle technique was used to modify the thinning re-
sult. The algorithm is stated as follows:

1. Allocate all feature points in the thinned image 7.

2. For each feature point fp, measure the radius Ry, of the largest
circle of black pixels within the original image S that is centred
at fp. The radius has a minimum value of one.

3. For each pair of feature points fp; and fpy calculate the Eu-
clidean distance dg¢p, fp,. If this distance is less or equal to
R, + Rgp, then mark these two feature points for merging
into one group.

4. If fp, and fp, are marked to be merged and fp, and fp; are
also marked to be merged, then fp;, fp: and fps are all marked
for mergence in a single group.

5. For each group find the value of the new center by averaging its
feature point positions. A group of one member has a center
identical to its single feature point.

6. For each group that has more than one member delete all black
pixels in T fallen within each circle of its feature point members.

7. Reconnect each stroke with the appropriate group center.
8. Compute the connectivity number of each group center as fol-
lows:
Cy, =2;
for every fp in this group
C, = C, + Connectivity(fp) - 2
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9. Remove any group with a connectivity number which equals
two. This indicates that there was a spurious branch which
caused the existence of a branch point and an end point. When
these two feature points were merged, the end point disap-
peared and the branch point became a normal pixel.

8.3 Feature Extraction

The skeleton graph of a word image consists of a number of links
where each link commences and terminates with a feature point.
This stage extracts these links, it then transforms the word skeleton
into a sequence of feature vectors. There are two different structural
feature sets used in this dissertation. Both sets extract loops from
the skeleton graph before extracting the remaining features.

8.3.1 Link Extraction

This traces the skeleton graph and extracts its links. This is done
by traversing each link starting from one feature point and then
proceeding from one pixel to its adjacent until reaching a feature
point. During this process the procedure marks any pixel that has
been visited to avoid traversing it again. The word images used
in this dissertation are Portable Bit Map (PBM) files; a black pixel
equals one, a white pixel equals zero, and a visited black pixel equals
two.

An important requirement here is to ensure that links are as-
signed a canonical order so that later the observation sequence for
the HMM is well defined. The link extraction procedure used here
is guided by the following rule: if fp; and fp, are two feature points
in the same sub-word and fp; is located to the right of fps, then all
links which branch from fp; should be extracted before any of the
links branching from fpo.
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g7 2%

Figure 8.5: Simple and complex loops that can be seen in some handwritten
letters.

8.3.2 Loop Extraction

During skeleton tracing, the skeleton is checked for loops which are
represented by a closed path of pixels. A number of Arabic letters
have a loop-like shape, refer to Table 2.1. These letters can be
divided into three categories: simple loop, complex loop, and double
loop.

8.3.2.1 Simple loop

This consists of a single link that begins from a feature point and
returns to the same point again. Examples of this category can be
seen in the letters & -¢, 4 -h, » m-, 3 ¢,3 ¢-, B £, 3 f-, 4o 5, j2 4,

9 w, and ¢ -w. Also letters d h, z g, and C h may form a simple

loop when they are handwritten as in word * . & hrg- Went’ shown
in Fig 8.5.

8.3.2.2 Complex loop

This consists of either two or more links which connect two or three
feature points. Examples of a two-link loop can be seen in letters »
-M-, 2 -$-, 2 -d-, b I-, and L 2-. Examples of a three-link loop
can be seen in letters = -f and L2 -z-. Fig 8.5 shows two two-link
loops: letter d h in word ‘d‘1> hta - Though’ and letter z g in

word ¢ Cclb gams< - Mosque’.
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8.3.2.3 Double loop

This consists of two connected simple and/or complex loops. Ex-
amples of this category can be seen in the letter (4 & h- -h-).

8.3.3 Feature Set F'5;

Having extracted links and loops from the skeleton graph of the word
image, each link is now transformed into an 8-dimensional feature
vector. Each feature has the following description:

1. Normalised length feature (f1): This feature gives the length
of a link relative to other link lengths in the same word. It is
calculated as follows:

Actual Length — E Ly,

fl - ELmaw - ELmzn (83)

where EL,,;, and EL,,,, are the minimum and the maximum
link lengths for that word, respectively. This scales all f; val-
ues to the interval [0,1]. This feature tolerates font size and
rotation.

2. Curvature feature (f2): This feature measures the curvature of
a link. Simply divide the Euclidean distance between the two
feature points of that link by its actual length. This feature
equals zero when the link is a simple loop, and 1 when the link
is a straight line. By definition f2 equals two when there is a
complex loop, and three when there is a double loop.

Although this feature does not measure the curvature precisely,
these two curves C and D have the same f2 value, they are still
useful when combined with other features.

3. Endpoint feature (f3): This feature defines the two endpoints
of the link. It has one of the following values:
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b _ a
d@AJ Q
Figure 8.6: Feature f3 calculation: link ab has feature £3 whose value equals
0, while link cd has feature f3 whose value equals 2.

Value | Description

end point — end point

end point — branch point
end point — cross point
branch point — end point
branch point — branch point
branch point — cross point
cross point — end point
cross point — branch point

O ~J O O = W N~ O

cross point — cross point

This feature can distinguish between similar links belonging to
different characters. Fig 8.6 illustrates two links ab in ‘(y n’

and cd in ‘u« s’. These two links have almost identical feature

4

values except for f; which equals zero and three, respectively.

Figure 8.7: The importance of deciding the dot positions relative to the base
line. The two dots of the first letter are: (a) below the base line, this makes
the word c_.hg_ ybic - He buys’, and (b) above the base line, this makes the

word C"ﬂ thc - She buys'.

4. Relative location feature (f4): This binary feature indicates
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*
N *
*******

Figure 8.8: Calculating features f5 — f8 to the link ab which represents the
main stroke of the letter ‘ s y'.

whether the starting feature point of a link falls above/below
the base line and it shows this by one/zero. This feature helps
to decide whether a dot is above or below the character. Fig 8.7
shows the importance of deciding the dot positions.

5. Curved features (f5 — f8): These features calculate the per-
centage of pixels above the top feature point, below the bottom
feature point, left of the left-most feature point and right of the
right-most feature point of that link, respectively. The impor-
tance of these features are noticed when considering characters
such as ¢ y and K -k-. Consider the curve shown in Fig 8.8
where the total number of pixels is 37 pixels. The curved fea-
tures have the following values: f5 = 0, f6 = 33/37, f7 =
9/37, and f8 = 11/37.

8.3.4 Feature Set F'S,

The word skeleton has now been transformed into a number of fea-
ture points that are connected using links and loops. Each link is
represented by a list of pixels that may form any shape since the goal
of thinning is to have a smaller pixel set that represents the same
word image. For further reduction the pixels of the skeleton need to
be collected into smaller line segments. This process is called edge
linking or vectorisation [Par97).
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(2) (b)

Figure 8.9: The edge linking process: (a) the original skeleton graph of the
word ‘dxed! algmet - Friday’, and (b) the skeleton after being transformed

into a sequence of line segments each marked with a number. Feature points
are marked with small letters.

8.3.4.1 Edge Linking

Starting from a feature point, each pixel in that link is presumed to
belong to a straight line segment, and so adjacent pixels are added
to a set until some linearity constraint is violated. Each set is then
represented by its two endpoints, and the rest of the set’s pixels
are deleted. In the same way, the following lines from that link are
extracted until the next feature point is reached. Fig 8.9 illustrates
an example of this process which is listed below:

1. For each list of pixels which represents a link between two fea-
ture points.

2. Transfer the pixel list into a sequence of line segments as fol-
lows:
(a) Start from the first pixel in the list.

(b) Add the next pixel on the list to a set that will be the set
of pixels belonging to the next line in the link.

(c) Check the perpendicular distance between all pixels in the
set and the straight line between the first and the last pixel
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in the set.

(d) If this distance is less than a predefined threshold D goto (2b),
else proceed to the next step.

(e) Stop adding pixels to the current line, and discard the last
pixel in the set.

(f) Assign the first and the new last pixels as the line segment
endpoints.

(g) If there are no more pixels on the list goto (3), else proceed.
(h) Let the next pixel on the list be the new starting point.
Goto (2a).

3. STOP.

8.3.4.2 Length and orientation

Each link is now transformed into a sequence of small line segments.
Each line segment has two endpoints P1 and P2, which have the
coordinates (z1,y;) and (zq,ys), respectively. To characterise this
line segment two features are extracted the line segment length and
the orientation angle. The line segment length, /, is simply the
Euclidean distance between the two endpoints

L= /(z1 — 22)2 + (y1 — 9o)? (8.4)

The orientation angle, 6, is the angle the line segment makes with

the z-axis.

9= tant (L704)

Lo — 1

(8.5)

This produces a two-dimensional feature vector for each line segment
belonging to a link.

8.3.4.3 Turning points

These are not feature points, they are rather normal black pixels
where a skeleton changes dramatically from one direction to an-
other. These points give valuable information about the behaviour
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Figure 8.10: Turning points imposed on two word skeletons: (a) J\S gal -
Said’ and (b) fﬁ thrim - .

of curves. Fig 8.10 shows a number of turning points. T3, 73,75, Ty
and T3¢ are down-left turning points. 75, Ty and Ty are left-up turn-
ing points. 7% is an up-right turning point. 7y and 77, are left-down
turning points.

8.4 Feature Vector Encoding

A feature vector needs to be encoded into one of the discrete symbols
of the codebook in order to reduce the computation required in the
HMM-based recognition system. VQ, page 50, is used to form this
codebook. This is done by partitioning the training samples into
several classes. Each class is then represented by its centroid, and
each codebook symbol represents one class. Links that represent
loops are not included among the training feature vectors during
the clustering algorithm, they are instead assigned to predefined
symbols.

Two separate codebooks are formed each for one feature set. This
section presents these two codebooks.
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Class #

Description

Tk LN -=O

-75

Dot

Simple loop

2-link complex loop
3-link complex loop
Double loop

Classes found using k-means clustering

Table 8.1: Codebook classes for F'S; feature set.

Class #

Description

0O~ Ut WLWN-HO

Dot

End point

Branch point

Cross point

Simple loop

2-link complex loop
3-link complex loop
Double loop

Left-up turning point
Left-down turning point
Top-right turning point
Down-left turning point

Classes found using k-means clustering

Table 8.2: Codebook classes for F'S; feature set.

8.4.1 F'S; Codebook

This codebook includes 76 symbols. These symbols are listed in
Table 8.1. The first five symbols are reserved for dots, black pixels
with zero connectivity value, or loops which were formed while ex-
tracting links. The rest of the symbols are represented by the class

centroids which are 8-dimensional vectors.

8.4.2 FS,; Codebook

The codebook includes 60 symbols.

163

These symbols are listed in

Table 8.2. The first twelve symbols are reserved for dots, feature
points, loops, and turning points. The rest of the symbols are rep-

resented by the class centroids which are two-dimensional vectors.



164 STRUCTURAL FEATURES OF ARABIC WORDS Ch.8

(a) (b)
[ 4 10 B
14 10 Ve
] 2 13,
13 b 15 2 118 7 6 d
9 'IF 3 17/

Figure 8.11: An illustration of transferring a typewritten word image into a
sequence of feature vectors

8.4.3 Encoding Examples

This section illustrates the process to extract F'S; and F'Sy from a
given word image, and then transfer this image into a sequence of
symbols.

8.4.3.1 Extracting F'S;

Starting from an original word image, the modified skeleton graph
is first observed, the word feature vectors are then extracted, and
finally the codebook data is used to form the observation sequence.
Following are the steps to perform this task:

1. Apply the thinning algorithm, as in Sec 8.2.2, followed by a
skeleton modification, as in Sec 8.2.3. This results in a modified
skeleton, as shown in Figures 8.11-b and 8.12-b.
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Figure 8.12: An illustration of transferring a handwritten word image into a
sequence of feature vectors

2. Extract links and loops from the modified skeleton as explained
in Sections 8.3.1 and 8.3.2. The word image shown in Fig 8.11-c
produces 12 feature vectors, a 2-link complex loop, and a simple
loop. While the word image shown in Fig 8.12-c produces 12
feature vectors and two simple loops.

3. Assign each loop to the proper codebook symbol.
4. For each non-loop link:

e find F'S;| values mentioned in Sec 8.3.3.

e assign each feature vector to one of the last seventy code-
book symbols based on the minimum Euclidean distance
measure, as in Table 8.1.

8.4.3.2 Extracting F'S,

Like in the previous section, the process starts with an original word
image to produce a modified skeleton, then it extracts word feature
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vectors, and finally it uses codebook data to calculate the equivalent
sequence of symbols. The steps of this process are as follows:

1. Apply step (1) to (3) as in Sec 8.4.3.1.
2. For each non-loop link:

e find I'S, values mentioned in Sec 8.3.4.

e assign each feature vector to one of the last 48 codebook
symbols based on the minimum Euclidean distance mea-
sure, as in Table 8.2.

3. Extract turning points from the modified skeleton.

4. Assign each feature or turning point to the proper codebook
symbol as in Table 8.1.

Applying this process to the word image shown in Fig 8.11-d results
in 53 symbols that represent: 31 line segments, 17 feature points,
and 5 turning points, while applying this process to the word image
shown in Fig 8.12-d results in 50 symbols that represent: 27 line
segments, 20 feature points, and 3 turning points.

8.5 Summary

In this chapter I have presented two techniques for extracting struc-
tural features from cursive Arabic words. The skeleton graph of the
word image was first modified to merge adjacent feature points and
remove spurious branches. The word skeleton was then decomposed
into a sequence of links. These links were placed in descending order
relative to the first feature point of the link. Each link was processed
separately.
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The first technique transformed each link into an 8-dimensional
feature vector, where the second technique transferred each link into
a sequence of small line segments. Each technique used a separate
codebook to encode the feature vectors to discrete symbols suitable
for training and recognition purposes using HMMs.






CHAPTER 9

SINGLE HMM
RECOGNITION SYSTEM

9.1 Introduction

Chapters 6 and 7 presented a method of recognising cursive words in
Arabic manuscripts based on the segmentation-free technique. The
method showed a good performance in recognising odd word sam-
ples that were deformed due to noise or crude page/line decomposi-
tion. There are two drawbacks to this method: it is a lexicon-based
system, this means that the system can only recognise the word
samples that have equivalents in the lexicon. Secondly, each word
in the lexicon is represented by a separate template or model.

In this chapter two single HMM recognition schemes are pre-
sented. The first scheme is a lexicon-driven system in which the
vocabulary probabilities are incorporated with the low-level knowl-
edge from the training samples to tune the HMM parameters. The
second scheme is a lexicon-free system which is composed of smaller
character-models. Each one of these models is trained using the
Baum-Welch method.

At the recognition stage the input word observation sequence is
first introduced to the HMM. The modified Viterbi algorithm is then
applied to provide an order list of the best paths through the HMM.
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Zero-order Probability Vords of the
Firstrorder Probability dictionary
Trai ni ng State Probabil ity State Transition Probability
Assi gnnent Conput ati on Initial State| Probability
Tr ai ning )
Link & Loop
Extraction
Feature feawe  Qustering M Modi fi ed
Extraction |vector VQ) prob.| Viterbi Al go.

Recogni tion classeg centroids l

Resul t
Test Link & Loop Feat ur e feature o ) symbols
Sanpl es| Extraction Extraction [vectorsC assification

Figure 9.1: A block diagram of the HMM-based lexicon-driven recognition
system.

9.2 Lexicon-Driven Scheme

This section attempts to solve the second drawback of the word-
model recognition system. It presents a single HMM lexicon-driven
recogniser and discusses the model structure. Finally this section
provides evaluation results of applying the lexicon-driven scheme to
recognise typewritten Arabic script.

9.2.1 System Overview

In this scheme the whole lexicon is represented by a single HMM
where each word is represented by one path through the HMM. The
lexicon-driven scheme divides the HMM states into small groups,
elementary units. Each unit represents a character and consists of
a varying number of states. Each state may signify only one link,
and this link represents a complete character ‘s d’, a fraction of a
complete character, or touching characters ‘S” ka’. After extracting
links and loops, Sections 8.3.1 and 8.3.2, from the skeleton graph,
each non-loop link is transformed into an 8-dimensional feature vec-
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tor, Sec 8.3.3. It is then assigned to the appropriate symbol using
VQ.

The system shown in Fig 9.1 may be described in two stages: the
training stage and the recognition stage. In the training stage, each
symbol is assigned to one of the states within an elementary unit.
The stage also incorporates a high-level knowledge from the given
vocabulary and a low-level knowledge from the training samples
to estimate the HMM parameters. The recognition stage simply
retrieves an ordered list of state sequences associated with a given
sequence of observations/symbols.

9.2.1.1 Training stage

In Chapter 8, a number of preliminary preprocessing operations fol-
lowed by link and loop extraction precede the transformation of the
skeleton graph into a sequence of feature vectors. Parallel to this,
the link sequence is also passed to the state assignment. In the state
assignment, each link is labelled with its semantic meaning, e.g. this
edge is the beginning of Seen ‘ w &', that edge is a complete Dal *>
d’, that edge is a 2-link complex loop of Sad ‘e -s-’ and so on. By
calculating the number of entries and their labelled meanings, the
symbol probabilities are computed. The other valuable information
source is the given vocabulary from which the letter-based probabil-
ities are observed. This high-level knowledge is incorporated with
the symbol probability previously obtained.

9.2.1.2 Recognition stage

Like the training stage, the recognition stage begins by applying
the procedures of link and loop extraction and feature extraction
to the input word skeleton. A sequence of observations is obtained
by assigning each link to the closest codebook symbol using the k-
means clustering algorithm. Finally, the modified Viterbi algorithm
is applied, with the model parameters from the training stage, to
find the optimal paths through the HMM for the given observation
sequence.



172 SINGLE HMM RECOGNITION SYSTEM Ch.9

Figure 9.2: Single HMM recognition system.

9.2.2 HMM Implementation

The lexicon-driven scheme builds only one model for all the words
in the lexicon and uses different paths (state sequences) through
the model to distinguish one pattern from the others. A pattern
is classified to the word which has the maximum path probability
over all possible paths. This is called a path discriminant HMM
in which states are transparent. This means that states are se-
mantically meaningful. The training method here does not comply
with the Baum-Welch method or any optimisation criterion, such as
the maximum likelihood (ML) [RJ86]. The reason for this is that
any optimisation criteria produces a better model but does not pre-
serve the correspondence of the states to individual characters which
yields a lower recognition rate [CKZ94].

The HMM is formed from ergodic elementary units, as shown in
Fig.9.2. The model contains 166 states divided between 51 elemen-
tary units. These units include the 28 basic letters mentioned in
Table 2.1, ‘3 ¢, ‘s @, ‘= ¥, ‘Y 1@, and 19 two-letter combinations.
These combinations consist of two letters which are not separated
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by any feature point thus it is impossible to decompose the main
stroke into more than one link. The nineteen combinations comprise
‘lb. gd,, ‘l’ h’d,7 ‘lb' ]}’d,7 43 gd,, 43 h’d,7 ck-?- b’d,7 ‘l{ bd,, cU td,,
cU. _td,, cU nd’, cl.{ yd’, cd bd,, ck-; td,, cd‘ _td,, ‘g_j‘ nd’, cd yd’, ck)

@, S ka’, and ‘d( ka.
1
2
1
3 2

(¢) (d)

6/
_~3
7\ 4 1
s d e
(b)

(S (s =8 =8/ =5 =5} = 5} ~(s)
O O O O OnaOpat

(e) Elementary (f) Elementary unit of 3 &
unit of ‘& ¥’

Figure 9.3: The end forms of letters: (a) ‘e, & and (b) ‘& §'. The two-letter
combination of: (c) "> ha' and (d) ' J Iy Elementary units representing

letters: (c) ‘o b" and (d) “ 5 4.

Each elementary unit represents at least one letter and is struc-
tured as a left-to-right HMM. The number of states in that model
is relative to the number of links the letter or the two-letter combi-
nation has. For example the letter ‘ b may be decomposed into:
two links when it is in the isolated, initial, or middle forms, or three
links when it is in the end form. This implies that the elementary
unit representing letter ‘ b’ has as little as three states which can
sequentially preserve the maximum number of links for letter ‘s &'.
The letter ‘ & & may be decomposed into eight links or fewer. This
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implies that the elementary unit representing letter ‘ % § comprises

eight states. Fig 9.3 shows the end form of letters ‘o 0" and ‘ & ¢
It also shows the combinations ‘> ha and S W

9.2.2.1 Symbol probabilities

The VQ technique is most often used for assigning symbols in the
discrete HMM approach. The K-means clustering algorithm, Sec 3.2.4.1,
is applied to partition the training samples in the Euclidean space
into a number of symbols/classes. This step was discussed in Sec 8.4.3.1.
The symbol probabilities can be calculated as follows

No. of times in state 7 and observing symbol U,
bi(k) = (9.1)

Total number of times in state %

The symbol probabilities computation is completed in the training
stage. In the recognition stage each feature vector is assigned to the
nearest codebook symbol centroid based on the Euclidean distance
measure.

9.2.2.2 State probabilities

An important step to putting the HMM into practice is to estimate
the model’s parameters. The first step is to derive the dictionary
statistics from the given vocabulary which includes the zero-order
and the first-order letter transition probabilities.

No. of words starting with letter &
Pyla) = (9.2)

Total number of words in the lexicon

No. of transitions from letter o to letter 3
Pla—p) = (9.3)

Total number of transitions from letter ¢

Where Py(«) is the probability that the initial letter in a given word
is a, and P (o — B) is the probability that the letter 8 follows the
letter v in a given word.

The initial state probability can be computed based on the loca-
tion of the state within its elementary unit and the type of elemen-
tary unit whether it represents a single letter or touching letters. If
the state is the first within a unit which represents a single letter
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then the initial probability is equal to F, of that letter. If the elemen-
tary unit represents two touching letters then the initial probability
of the first state equals the product of P of the first letter and the
letter transition probability from the first letter to the second letter
Pi(a — B). The initial state probability equals zero otherwise.

Pyla i is the 1°¢ state in the elementary unit ¢

0

T = Po(a) x P (a — /6) i is the 1°¢ state in the elementary unit 04,6
0 Otherwise

The state transition probability within the same elementary unit
is calculated as follows

P, . =
S8 (a) Total number of training samples of letter ¢
= P(q]' at t+1| g; at t) (94)

Transition from state s; to s;

The state transition probability between any two states in the model
is calculated accordingly

0 1 & j are middle states in different letters
0 i & j are in the same letter, i>]

Qs =

* Ps,-—)s]- (a) i & j are in the same letter, i<j

Pl(oz — /6) i is the last state in o & j is the 1°¢ state in 3

9.2.2.3 Modified Viterbi Algorithm

Each word in the lexicon is represented by at least one path through
the HMM. There are several possible ways of locating the optimal
state sequence associated with the given observation sequence. I
use a modified form of the Viterbi algorithm, Sec 3.3.2.2, in order
to find the optimal path and some near-optimal paths.

For the sake of word recognition application, a considerable im-
provement can be made if more than the first optimal path is recov-
ered. The approach is to extend the ¢ and % to another dimension
which represents the choice W. Assuming the model in state j at
instance ¢ then all the possible d;_1(i,w) are considered and the
W best paths are recorded in ;(j,w), with their probabilities in
0¢(j, w) where w =1,2,..., W.
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9.2.3 Evaluation Results

The word images belonging to three out of the thirteen fonts pre-
sented in Chapter 4 were: Simplified Arabic, Thuluth, and Arabic
Traditional fonts. Each image first passed the five step processing
sequence mentioned in Chapter 8: thinning, skeleton modification,
link and loop extraction, feature extraction, and VQ. This resulted
in a sequence of observations that were introduced to the HMM.
Table 9.1 shows the recognition rate of the implemented system.

Font type Recognition rate (%)
Top-1 Top-5
Simplified Arabic | 70.3% 94.2%
Thuluth 69.8% 93.1%
Arabic Traditional | 65.7% 90.6%

Table 9.1: The recognition rates of the single HMM lexicon-driven system.

d.@
L ]

&

System Output P(A\O)
Js il | 812x 10717

i Je fil | 372 x 1071
J5 abl | 6.51 x 10712

1t 5 fol | 4.31 x 10712
b qil | 1.84 x 10712

Table 9.2: The system output of the word sample * |5 qil - said' from J
font.  means not in the lexicon, and I means not a valid Arabic word.

To assess the performance of this scheme, the HMM was trained
using 800-word lexicon. Part of the corpus was used for training
purposes. Tables 9.2 , 9.3 , and 9.4 show the system output of
three word samples one from each font, J, K and L. Where the
system output shows the same word more than once, this means the
same word was recognised by a different path through the HMM. At
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5

System Output P(A\O)
s | 743 x 10799

s da | 3.89 x 107
e 4 | 957 x 1071

t o hir | 4.65x 1071
t & gl | 154 x 10712

Table 9.3: The system output of the word sample vk:. 47 - ALI' from K

font.  means not in the lexicon, and I means not a valid Arabic word.

<

System Output P(AO)
2 alhrd | 5.13 x 1076
<& algrd | 3.94 x 10716
1 ol aleb | 9.57 x 10717
ol alrb | 6.03 x 10-17
t sl aldb | 5.54 x 10717

Table 9.4: The system output of the word sample ‘g__;J.-Jl alorb - The Arabs’
from L font. { means not in the lexicon, and { means not a valid Arabic word.

times, the HMM throws up a sequence which was not included in the
lexicon, as shown in the Tables. Eliminating these sequences from
the solution list and otherwise considering their successors could
enhance the overall recognition rate of the system.

The last result concerns generalisation. Although it is difficult to
predict in advance which untrained words the HMM will recognise,
I found a number of words recognised by the HMM which were not
among the training set nor the lexicon. An example word is shown in
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’ "’:30
hd

System Output P(A\O)

o o2 tqub | 9.34 x 10~ 11
t et tgut | 156 x 1011
it osE teut | 1.07 x 10712
Tt e& tquz | 1.26 x 10713
t1 32 tqud | 7.17 x 10714

Table 9.5: The system output of the word sample ‘C &5 tqith - holes’ from
L font. § means not in the lexicon, and I means not a valid Arabic word.

Table 9.5, and other words include o axul 2isterad, Cb’Gj sigtrah,
ot bsr, sl bhad, and  Jels aml.

PYTS
System Output P(AO)
Tt W& nmama | 1.99 x 10710
Tt Lle dmama | 1.25 x 10710
Tt W& nmama | 3.12x 10711
Tt W\ nmama | 1.96 x 1011
t o« nmam | 434 x 107"

Table 9.6: The system output of the word sample ‘L& tmama - completely’
from L font.  means not in the lexicon, and } means not a valid Arabic word.

The HMM was not always able to list the correct word among the

best five paths. An example of such a case may be seen in Table 9.6,
in which a dot is missing owing to a problem with thinning.

9.3 Lexicon-Free Scheme

Although the last section solves the memory limitation caused by
using a separate model for each word in the lexicon, the model



9.3 Lexicon-Free Scheme 179

G ound
Truth

Training (" | ink & Loop Feature
Sanpl es Extraction Extraction

Char act er
Mbdel i ng

feature | vectors
Clustering Model
Tr ai ni ng (VQ Concat enat i on
———————— ST oo ----------- casjcentroids -~ - - - - - - - - - -9 - - - - - -
Recogni ti on T gmoas( i tied
assiticatio Viterbi Al go.
feature | vectors

Test Li nk & Loop Feature l |
Sanpl es | Extraction Extraction Resul ts

Figure 9.4: A block diagram of the HMM-based lexicon-free recognition sys-
tem.

parameters are still lexicon sensitive. This implies that any change
in the lexicon size yields, reestimating the model parameters using
the new lexicon.

This section attempts to solve both drawbacks mentioned at the
beginning of this chapter and resulting by using the word-model
recognition system. It presents a single HMM lexicon-free recog-
niser. In this scheme, each letter in the alphabet is represented by a
separate HMM. A word is a concatenation of a number of character-
models. The training of each model is performed using the Baum-
Welch method. The modified VA, as stated in Sec 9.2.2.3, is applied
to produce an order list of the best state sequences. This section
also provides evaluation results of applying the lexicon-free scheme
to recognise handwritten Arabic words.

9.3.1 System Overview

This section gives a brief overview of the implemented scheme. Fig9.4
shows the block diagram of the system. The blocks of line and loop
extraction, feature extraction, VQ, and classification have all been
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discussed in Chapter 8. The system is a mixture of path and model
discriminant HMMs. This may be clarified as follows: each word is
represented by one or more paths through the HMM while at the
same time the states that form the path are not transparent. In
other words are not semantically meaningful. This is because each
word is a concatenation of different models representing characters
that form this word.

The system consists of multiple character-models where each
model represents only one letter in the alphabet. The character-
models are fully interconnected to form the global model.

The system shown in Fig 9.4 may be described in two stages:
the training stage and the recognition stage. In the training stage,
the character-model parameters are estimated based solely on the
training samples associated with their ground truth. The recogni-
tion stage simply retrieves an order list of state sequences associated
with a given sequence of observations.

9.3.1.1 Training stage

This stage starts with the preliminary preprocessing operations,
Sec 8.2, followed by the link and loop extraction then the feature
extraction, Sec 8.3, before transforming the skeleton graph into a
sequence of symbols, Sec 8.4.

The training stage can be divided into two phases. In the first
phase, all the models’ parameters are estimated using the Baum-
Welch method. This is done through introducing the letter samples
to the equivalent model. The training samples for each letter repre-
sent different forms of that letter: initial, middle, end, and isolated.
In the second phase, all the character-models are fully intercon-
nected to form a single HMM. This is similar to what has been done
with the lexicon-driven scheme with an exception of the procedure
used to estimate the models’/elementary units’ parameters. While
the estimation procedure in the lexicon-driven scheme is based on
the state assignment, the estimation procedure here is based on the
Baum-Welch method.
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Figure 9.5: Line segments of: (a) a two-letter combination ‘U na’, (b) a

two-letter combination ‘§” ka', and (c) letter * o §'. The black mark denotes
a turning point.

The training stage ensures that only the observation sequence,
and the order of those observations within that sequence, determine
the recognised pattern of the input sample.

9.3.1.2 Recognition stage

This is similar to the training stage in obtaining loops, line segments,
and other features. The feature vector sequence is assigned to the
closest codebook symbols based on the minimum Euclidean distance
measure. The observation sequence is then thrown to the HMM and
the VA is applied to issue an order list of the best paths through the
model. The various state sequences are sorted in descending order
relative to the path likelihood probability.

9.3.2 HMM Implementation

Like the lexicon-driven scheme, only one model is built and each
path through that model represents a sequence of letters. The sys-
tem consists of 32 character-models representing the 28 basic letters
in the alphabet, Table 2.1, and letters: ‘6 ¢, ‘s @, ‘= 7, and
‘NN 1@’. The character-models are fully interconnected to form the
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global model. The number of character-models is less than the num-
ber of elementary units in the previous section, because this scheme
utilises F'S, feature set which decomposes the skeleton graph into
small line segments. This makes it possible to divide two touching
letters even if they share a single link. Consider the two-letter com-
binations ‘U na’ and § ka in Fig 9.5. Although each combination
forms only one link it is still feasible to decompose this link into sep-

5 n-" includes

arate letters. ‘U na’ is decomposed into two letters:
6 lines segments, 3 end points, and a down-left turning point, and ‘{
-@ includes three line segments, a left-up turning point, and an end
point. ‘6" k@’ is decomposed into two letters: ‘S” k-’ includes 5 line
segments, left-down and down-left turning points, and an end point,
and ‘\ -@ includes three line segments, a left-up turning point, and

an end point.

One constraint applied to ensure the influence of processing. that
is connections to/from a model from/to other character-models,
are only permitted through the first and the last states, respec-
tively. This means that the last state in each character-model is con-
nected to the first state in each character-model including the source
character-model. These connections are referred to as interconnec-
tions. Confining the interconnections between various character-
model only through two states, the first and the last, prevents the
deluded repetitions of a letter within the same word.

The state transition probability of the interconnections equals
one. This ensures an unbiased transition between letters. On the
same level, all other connections between the models are set to zero.

The initial state probability of the first state in all the character-
models equals one. The rest of the states have zero initial state
probabilities.

An important issue that must be resolved before putting this
scheme into use is to decide how many states each character-model
should be comprised of. Two different configurations are imple-
mented: the four-state character-models and the various-state character-
models. Following are the structural details of each configuration.
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9.3.2.1 Four-state models

All the character-models here have an equal number of states, four
states. This number was chosen as a compromise between letters
with large number of line segments such as ‘ y» s and others with
a smaller number of line segments as ‘! a’. Fig 9.5 shows that while
‘we § in isolated form may be decomposed into a simple loop, nine
line segments, two branch points, and two end points, ‘\ -@’ in end
form may be decomposed into three line segments, a left-up turning
point, and an end point.

100% 100%

h\k.‘o:o
S “W’:‘:‘d“
RIS
KL L

<>

32 32

1>
CIISIKKST
] ‘:‘::::‘:‘:"
s
KRS
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<>

Character models Character models

Character models Character models

Figure 9.6: Three dimensional depictions showing the confusion matrices of:
(a) Four-state character-models, (b) Varying-size character-models. Total
number of recognition tests is 12960 associated with 405 character samples
representing 32 character-models.
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The system contains 128 states equally distributed on the 32
character-models. Each model is a left-to-right HMM with no con-
strains on the jump margin within. This means that it is valid to
transit from state s, to state s, as far as < y, so it is possible
to transit from s; to s4. Fig 9.6-a shows the confusion matrix of
this configuration. The word samples were extracted from font B,
Sec 4.3.1.

9.3.2.2 Various-state models

The system here comprises 296 states unequally distributed on the
32 character-models. Each character-model has different number of
states relative to the number of line segments that the letter has.
For example while letter ‘ ,> d’ has 17 states in its character-model,
the character-model of letter ‘6 ¢ has only 5 states.

Fig 9.6 shows that this configuration is more capable of recognis-
ing separate letters than the previous configuration. However, what
matters most is recognising cursive words rather than separate let-
ters. Following this, the evaluation results of both configurations
recognising cursive handwritten words are shown.

9.3.3 Evaluation Results

Word samples belong to the handwritten font B, Sec 4.3.1. Each
word was transferred into a sequence of discrete symbols as described
in Sec 8.4.3.1.

Consider the two words ‘aeg mhmd and ‘a@ hmd shown in

y L

Fig 9.7. Both words consist of the same letters ° pm T b, and
‘s> d. The word ‘asg mhmd is broken into ‘f m, ‘C n, ‘f m’
and ‘> d’. This means that its path starts with ‘f m’, then transits
to ¢ d h’, transits back to ¢ ¢ m’, and finally ends up at ‘> d’. In
contrast, the word ‘u@ hmd’ is broken into d n, ‘f m’, and ‘> d.
Therefore the equivalent path starts from d h’, transits then to ‘f

m’, and finally ends up at ‘> d'.
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(a) (b)

Figure 9.7: Two block illustrations of the word path building through the
HMM for: (a)' xeg muhmmad - MOHAMMAD', (b) ‘a& hamad- HAMAD'.
The two words share the same character-models but in a different order and

with different frequencies.

(a) (b)

Figure 9.8: The word paths through the HMM for: (a)' s muhmmad -
MOHAMMAD', (b) ‘o haemad - HAMAD'. There are four states in each
character-model.
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Fig 9.7 illustrates the block diagrams of the two word paths where
each block represents a separate character-model. Fig 9.8 shows
these two paths after replacing each block in Fig 9.7 with the equiv-
alent four-state character-model. Although all the character-models
have the same number of states, it is not necessary that they have
the same state-transition matrix form. This is clear when compar-
ing the character-models of ‘f m’ and ° d h’ on one side and the

character-model of ‘> d’ on the other side. In more detail, when the
system 1is in the first state of the ‘> d character-model, it is only
allowed to transit to the second state. This is not a configuration
constraint, but a result of the training samples used to tune this
character-model.

Using various-state model configuration illustrates more clearly
these differences in model structures. Fig 9.9 shows that none of the
three character-models share the same state-transition matrix form.
This is not surprising since each letter is decomposed into different
line segments, feature points, and turning points.

~

al.

four-state configuration various-state configuration
System Output P(A\O) System Output P(A\O)
4,0 mrlt | 1.58 x 10717 e mkt | 4.10 x 10716
IS kmklt | 5.96 x 10718 K bkt | 2.50 x 10716
dal, braht | 5.51 x 10718 e mkt | 2.19 x 10716
S bkaht | 5.32 x 10718 iLeS" kmkt | 8.57 x 10717
& mrlt | 4.15x 10718 K bkt | 8.24 x 10717

Table 9.7: The system output of the word sample ‘<. mkt - MECCA'.

Tables 9.7 and 9.8 show the lexicon-free system output of two
word samples, both from the handwritten font B. The first sample
comprises less symbols in the observation sequence than the second
one. This directly affects the likelihood probability of the solution.
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Figure 9.9: The word paths through the HMM for: (a)'ass muhmmad -

MOHAMMAD', (b) ‘& hamad - HAMAD'. Each character-model has a
varying number of states relative to the number of line segments the letter
has.
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(0
four-state configuration various-state configuration
System Output P(A\O) System Output P(AO)
(°'>-‘Jf‘ abragm | 8.05 x 10728 . 1,1 abrahym | 1.33 x 1072
S-S kbragml | 8.04 x 10728 ﬁAL;V kabrahym | 1.30 x 10~2°
ooyl abrahym | 8.04 x 10728 Aot ot abrahymd | 1.30 x 1072
Aol 4V abrahymd | 8.03 x 10728 resal ) abrahyms | 1.29 x 1072
PM Ikbragm | 8.01 x 10~28 ﬁ.a\J;V kabrahym | 1.25 x 10~2°

Table 9.8: The system output of the word sample ﬁ.aljl abrahym - ABRA-
HAM'.

Four-state model | Various-state model
Top-1 Top-5 Top-1 Top-5
Without spelling-check | 69% 7% 2% 81%
With  spelling-check | 84% 93% 87% 97%

Table 9.9: The recognition rates of the single HMM lexicon-free system.

These tables illustrate the output of both configurations: the
various-state and the four-state. The various-state configuration
outperforms the four-state configuration. This result seems logical
since each letter comprises a different number of symbols. Moreover,
the various forms of the same letter are decomposed into different
observation sequences.

Table 9.9 shows the recognition rate of each configuration. When
using a simple Arabic spell-check, like the one found in Microsoft
Word, the system performance was enhanced by a rate of 15%-16%.
These recognition rates are expected to decrease when including
more handwritten fonts, regardless of the implemented configura-
tion.
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9.4 Summary

This chapter presented two approaches of recognising cursive Arabic
words. Both approaches transferred the skeleton graph of the word
image into a sequence of discrete symbols which were then processed
using a single HMM.

The first approach divided the model into smaller units where
each unit represented a letter. The training in this approach was
based on the state assignment method. The dictionary statistics
were used to calculate the state probabilities, initial state and state
transition probabilities. This lexicon-driven recognition system was
used to recognise cursive words extracted from typewritten fonts,
previously mentioned in Chapter 4.

The second approach was lexicon-free. The system was a col-
lection of character-models and with each model was a left-to-right
HMM. Two configurations were implemented to construct the character-
models. The first configuration used the same number of states for
all models whereas the second assigned a different number of states
to different models, based on the number of line segments that letter
had. The training of each character-model was performed separately
using the Baum-Welch method. The resulting global HMM was used
to recognise cursive handwritten Arabic words.






CHAPTER 10

CONCLUSION

Cursiveness represents the main challenge when recognising Arabic
words. Previous research has proved the failure of segmenting the
word into its characters. The implemented algorithms for feature
extraction and classification determine the operational character-
istics of the recognition system. The research effort presented in
this dissertation to overcome the obstacle of cursiveness can be pre-
sented using two techniques: the segmentation-free technique and
the segmentation-based technique.

The segmentation-free technique, which implements the word-
model scheme, processes the word as a single unit. The feature
extraction here applies a two-step process, a normalised polar trans-
formation followed by a two-dimensional Fourier Transform, to rep-
resent the entire word in a global feature vector. This process results
in a two-dimensional Fourier spectrum that tolerates affine changes
in size, displacement, and rotation.

The resulting Fourier spectrum can be used as a prototype in a
template-based system to recognise samples of words from a prede-
fined lexicon. Each word in that lexicon is represented by a separate
template which is formed by bounding Fourier coefficients falling
within the lower frequency bands. These coefficients simultaneously
contain the global features of the same word written in different
fonts and the discriminant features of similar words in the same
font. Beside the typical recognition of similar, but not identical,
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samples of the same word, the template-based recognition system
can correctly recognise words despite differences in diacritics, which
is a common orthographic variation, and word samples that are de-
formed due to noise or crude segmentation. A drawback of this
system is that it performs poorly when a template is formed from
multiple handwritten fonts. This is due to the averaging process
that produces the template and weakens the discriminant features
between various words within that template.

To prevent the discriminant features from being weakened, these
features must be utilised and exploited by a learning method that
can observe the differences and similarities among various sam-
ples. However firstly, the problem of dimensionality needs to be
solved. This is achieved via dividing half of the Fourier spectrum
into six wedge-shaped sectors and then implementing the segmen-
tal VQ. This transfers the two-dimensional feature vector into a
one-dimensional observation sequence consisting of six discrete sym-
bols. At this stage HMMs may be used for training and recognition
purposes. Each word in the lexicon is now represented by a sep-
arate HMM. This is referred to as the model discriminant HMM.
The training of each model is performed using the Baum-Welch
method. The system achieves a higher recognition rate compared
to the template-based recognition system.

The word-model scheme has two drawbacks: the limited recogni-
tion capability and the excessive use of memory. The first drawback
is due to using a predefined lexicon, and that limits the outputs
to the words in that lexicon. The second drawback occurs when
the lexicon size exceeds 10,000 words. This also causes a delay in
producing the equivalent outputs for all words in the lexicon.

The segmentation-based technique attempts to solve the previ-
ous drawbacks by presenting two single HMM recognition systems.
Both systems implement the analytical approach in extracting fea-
ture vectors from word samples. This implies that the systems first
apply a procedure to divide the word into smaller units and then
extract features from each unit separately. This process results in a
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sequence of feature vectors. VQ is then applied to cluster the fea-
ture space and transform these n-dimensional feature vectors into
the discrete symbols making up the observation sequence. Observa-
tion sequences are used to train a single HMM. At the recognition
stage, the input word observation sequence is presented to the HMM
and the Viterbi algorithm issues an order list of all possible state
sequences through the model that are associated with the input se-
quence. This is done by calculating the likelihood probability of
each path, then sorting them in descending order.

Each of the two single HMM recognisers has a different scheme.
Each scheme extracts a different feature set, and implements a differ-
ent training method. On the other hand, both schemes decompose
the word skeleton into various links. The first scheme treats each
link as a single unit where the second scheme breaks this link into
multiple feature vectors using line approximation. This means that
while the first scheme transfers the word skeleton into a number of
discrete symbols equal to the number of links, the second scheme
has a far greater number of symbols. Moreover, the second scheme
includes the feature points which defines the beginning and the end
of a link and the turning points, which define where the skeleton
has a dramatic change, as separate features. This makes the second
feature set more capable of describing the word skeleton than the
first feature set.

The training methodology in the two schemes is different. While
the first scheme bases its training procedure on the state assignment
method, the second scheme applies the Baum-Welch method for
training. The state assignment method requires a massive training
data set so that the resulting parameters actually reflect the true
image. Since the first scheme is only implemented in typewritten
fonts the problem of style variation does not affect its performance.
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10.1 What can we learn?

Each one of the four implemented recognition systems in this disser-
tation has its own advantages and drawbacks. First, let us consider
the template-based recognition system. It is very simple to extract a
certain set of coefficients from the Fourier spectrum and have this set
to represent a word. Although only two different distance measures
are implemented that are the Euclidean distance and the Standard
distance measure, it is possible to use a statistically related metric.
One of these is the Mahalanobis distance [NS93]. This takes into
accounts the correlation among the features. One problem to imple-
ment the Mahalanobis distance is that the feature vector extracted
from the Fourier spectrum is at least 106-dimensional vector, which
makes the dimensions of the variance-covariance matrix ¥ equal
106 x 106. Such a matrix is difficult to find its inverse with the
limited data set used in this dissertation. Moreover, implementing
the template-based recogniser is not the main objective of this dis-
sertation, it rather a way to prove the discriminating power of the
Fourier feature set.

The template-based system deforms the word templates when
recognising multiple fonts, particularly handwritten fonts. This is
due to the averaging process when calculating a single template
from word samples belonging to different fonts. Therefore this type
of system is more appropriate for recognising one source of data or
different sources with a minimum style variation to ensure a high
recognition rate.

The multi-HMM recognition system shares the basic concept with
the template-based system; both have a separate model/template
for each word in the lexicon. However, due to its learning ability
the multi-HMM recognition system is more capable of discerning
the style variations. The implementation of this system requires the
reduction of the dimensionality of the Fourier spectrum into one
dimension. Half of the spectrum is divided into six wedge-shaped
sectors. Each sector reduces the effect of the variations within a 30°
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wedge-shaped sampling window. This window size is acceptable for
typewritten and some handwritten fonts. However, increasing the
number of these sectors through decreasing the sampling window
size will provide a more specific description of the word, and improve
the recognition rate.

The data set used for training and recognition purposes by the
template-based and the multi-HMM recognition systems has two
main features: the limited lexicon size and the data source diversi-
fication. The limited lexicon size is due to that this data set is not
taken from a ready-made database, but it is scanned from Arabic
manuscripts. This process consumes a considerable time. The data
source diversification is essential to test the Fourier features on a
wide spectrum of typewritten and handwritten fonts.

In the two single HMM recognition systems, each word is repre-
sented by a path through the model. The lexicon-driven scheme has
the feature of limiting the output to a predefined lexicon. The data
set used here is different from that used by the template-based and
the multi-HMM recognition systems. This is because the objective
here is to see how incorporating the high-level knowledge from the
dictionary can improve the recognition rate. This would not be pos-
sible with the limited lexicon size used previously. Thus, I can im-
port Arabic text from the Internet and print it using three different
typefaces using Arabic Windows, then scan these documents. Ac-
cordingly, the comparison between the multi-HMM recogniser and
the single HMM lexicon-driven recogniser is not feasible since each
recogniser is using a different test bed. However, considering Ta-
bles 7.2 and 9.1 we notice that where the multi-HMM system recog-
nition rate ranges between 90% and 99%, for a 145-word lexicon,
the single HMM lexicon-driven system can hardly reach 70%, for
an 800-word lexicon. The cause of this, besides the lexicon size dif-
ference, is the feature set. The Fourier features seem to be more
capable for describing word samples than the F'S; feature set.

The single HMM lexicon-driven system has one drawback, that
is when a word, which is not included in the lexicon, appears in
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the system output list, it cannot be accepted as a solution. This
commonly occurs when recognising an input word from outside the
lexicon. By contrast, this could be the most significant advantage
of the single HMM lexicon-free system. Here, the training is per-
formed on the character level and the word is a concatenation of
different character-models. Moreover, there is no lexicon to restrict
the recognition results. Using a word-processor spell-check can elim-
inate some of the letter sequences that the HMM produces. This
scenario is not alway applicable: to illustrate this consider the sys-
tem output ¢ (‘:MJ"F k->brahtm - as Abraham’ resulting after intro-

ducing the input image of the word ¢ aal | *brahim - Abraham’. In
English the additional letter is removed by the spell-check whereas

4

in Arabic L;;V k->brahtm’ is accepted as a valid word derived

-

from the source ° (‘:MJ"E %brahim’

Due to time limitation, only a single handwritten font B is tested
using the single HMM lexicon-free system. Two objectives are be-
hind this implementation: verifying the recognition ability of this
scheme and testing the discriminant power of the F'S; feature set.
The data set, which is used for training and recognition purposes
by the single HMM lexicon-free system, is different from that used
by the template-based and the multi-HMM systems. However, the
single HMM lexicon-free system has one advantage over the latter
systems, that it implements a structural feature set that is invari-
ant to centroid location, which could alter the resulting polar image
implemented by the template-based and the multi-HMM systems.

10.2 Contributions

The following are the significant technical contributions of research
presented in this dissertation:

e Arabic handwriting: This dissertation is the first to attempt to
recognise words taken from ancient Arabic manuscripts, which
represent a rich and valuable collection around the world.
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e Word templates/models: This dissertation is the first to use

the 2D-FT together with the polar map to recognise Arabic
script. The Fourier spectrum provides a large set of features.
It is possible to reduce this set to a subset that is capable of
discriminating between samples of similar words and different
samples of the same word.
Reducing the Fourier spectrum into a one-dimensional discrete
symbol sequence facilitates building a separate model for each
word in the lexicon. This has the advantage of learning various
handwriting styles.

e Dictionary statistics: Incorporating the high-level knowledge
of the dictionary with the low-level knowledge of the training
samples provides the HMM with the necessary parameters to
recognise different samples for words in the predefined lexicon.

e Single model recogniser:  The two HMM schemes used for
recognising Arabic script in Chapter 9 are the first to use struc-
tural features to describe the character/word images. Makhoul
et al [MLR ™96, MSLB98, BSM99, NBL*99] implemented a sin-
gle HMM-based system to recognise typewritten Arabic text
using statistical features. They used the feature vector ex-
tracted separately from each image column for training and
recognition purposes. In my implementation, the features are
structural and extracted from the word skeleton.

10.3 Future Work

Some achievements have been made over the course of this research
and further work in the areas presented here is promising. Future
work could be presented in five areas:

e Fzpanding the lexicon: Since the main theme of this disserta-
tion is to recognise words from Arabic manuscripts, it was not
possible to use the available corpus which is mainly for recent
typewritten script. The limited time frame of this research re-
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flects the limited size of the lexicon. Hence, the first objective
in order to continue is to increase the lexicon capacity. This
process is time consuming however it is essential for proving
the system’s efficiency.

Smaller sampling windows:  Dividing the Fourier spectrum
into more wedge-shaped sectors can enhance the overall recog-
nition rate. A sampling window with a size of 5° — 10° can take
into consideration more detailed variations than the current
system.

The Multi-HMM system using structural features: Instead of
using the Fourier features, structural features can be extracted
from the word image and transferred into a sequence of dis-
crete symbols which are then used for training and recognition
purposes. This may have a higher recognition rate due to the
varying size of each word sequence and the invariance of these
features to the image centroid location.

Using a different feature set with the lexicon-driven system:
The feature set which is based on decoding the line segments
belonging to each link will provide a better description of a
word image especially if this is incorporated in the dictionary
statistics.

Including more fonts to the lexicon-free system: The simplic-
ity of training various character-models makes this approach
more favourable than the state assignment training methodol-
ogy. However, segmenting words into their characters for train-
ing purposes could be a tedious and time consuming task for
highly varying writing styles.
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