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ABSTRACT

The Arabiclanguageriginally made use adncientcalligraphy, which is found in historical
documents and the Holy Quran. This calligraphy shows a different representation of Arabic
textsusing a more cursive style and a mixture of complex constructed word forms. These
types of writing styles in Arabic texts give a degree of difficulty in segmenting the letters
and reading the text. Since they originated long #yey have mostlypeenreflected in
Islamic culture and the use of quotations from the Holy Quran. This art form is still used
today for various purposes in Arabic representation and Islamic calligraphy. The challenges
of this type of text motivate the search for a way to simph#y teading and digitisation
processedlo the best of our knowledge, this is the first attempt to investigate the recognition
of Arabic calligraphy images aridereading of text drawn in such images.

Due to the lack of resources in the calligraphy dontiiferent datasets were developed for

this research. An Arabic calligraphy image dataset was collected, from which calligraphy
letter image datasets were generated. Finally, a calligraphy quotations corpus was manually
annotated based on the Arabic callighy image dataset. All of these datasets were used for
training, testing anduppot in the different phases that were applied to achieverihgary

goal of reading calligraphy.

A new approach to the recognition of Arabic calligraphy was developed npufate a
scanned image and extract a list of probable quotations. It consists of comparing two
detection methods, namely maximally stable extremal regions (MSER) and sliding window
(SW), to obtain the identity of intersecting letters from the image.|8tters detected had

their features extracted through a comparison between the histogram of oriented gradient
(HOG) features and a bag of speedg@drobust features (SURF) used in training two
different recognition models, support vector machines (SVM)tlamdonvolutional neural
network (CNN). In the investigationinto which of these models and image feature
descriptors most accurately fit the calligraphy letters, the results from the recognition process
were placed in a bag of letters (BOL) featuiiéhis feature was used to search the corpus
according tawo different methodologies to produce the list of probable quotafitvedirst
methodcompaesthe target BOL with the corpus index BOL for each elem&htle the
secondmethodgeneragsa list of relted words from the BOL and theaarclesthe corpus

for any quotations that contain two or more of these words.

The results from reading 388 calligraphy images showed that the MSER method outperforms
the SW method in detecting letters. Moreover, BOL matgland searching the corpus
predicts more accurate lists of quotations than the word generation process. The best
methodology is based on a combination of the SVM recognition model and HOG feature
extraction, correctly predicting more than 74% of the tep quotations using the BOL
matching process.
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Chapter 1 INTRODUCTION

Data science is currently mghdemand as it enables the manipulation of different types of
information that have become available. The increased use of machines and various devices
globally has increased the et for digitisation and transfer of data from printed and
handwritten sources to computeaised readable formats. Transforming printed text into a
machinereadable form involves a process referred to as optical character recognition
(OCR). This process mccurate and faster than manual typing by human operators; it saves
time, prevents human error and can support different forfietmtaKadyan and Ahlawat,
2017) OCR is concerned with reading printed or written data from an input or scanned
image, and transforming it into digital text at higpeed. However, OCR can be limited by
certain types of text angbecificlanguages, as it is rare for OCR techniques to be able to
read various languages and types of text all at once. For good digitisation results, OCR is
typically focused on only one laguage anan either handwritten or machir@inted text.

Such restrictions result from the differences betwaergua@ specificatimsthatcannot all

be handled at the same time. Moreover, the operation that handles handwritten text is more
complicated tan that for machinerintedtext, with each case having its own development
methodology(Sunet al, 2015; Ye and Doermann, 2018)lthough some OCR methods
have recorded more than 9086curay in therecognition and digitisation of text from
various image¢Modi andParikh 2017) these arstill challengeable and needpmovement

OCR is still weak and requires more enhancement when it comes to intersecting and
connected types of script, such as Arabic and Peflzdalkafor, 2017)Furthermoresome
scriptshawe not yet been explored and digitised by OCR, due to lack of resources and
complex reading processes. The work reported here is the first OCR experimentation in

reading Arabic calligraphic text from different scripts and types of structure, which involve
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combining handwritten text with Arabic heritage artistic styles. This type of Arabic writing
is highly cursive and intertwines letters within the words to represent text quoted from the

Holy Quran as pieces of Arabic art.

Arabic calligraphy (AC) found in ktorical documents, books and architectsmnsidered

as a highly valuable part of heritaffgaberiet al, 2016) OCR allowsfor the archiving of

this information, saves it from loss or damage and enables it to be processed. The complex
specifications of Arabic have causedignificantlack of properresearch in the OCRéid
compared with other languages, due to its more cursive script and changeable letter shapes,
determined by their positions in the word, in addition to the intersecting and intertwining of
text in the calligraphy domaifOsborn, 2009)All of theseparticulartypes of Arabic text

are lacking in terms of computational methods that can read ferimportane ofthese
historical documentsaisesthe needto prevent them from being losthe possibility of
sharing this beautiful art all around the world, as well as enabling tourists to understand the
text incorporated into the architecture at various historices sitdicaiesthe necessity to
explore these calligraphic styles of text through OCR methods. This res@agstigaes

the AC domain to enable the reading of these calligraphiestameescourage further

development in the field

1.1 BACKGROUND

One of the maspowerful and widely used methods for resolving the challenges in reading
lettersand words from scanned images is pattern recognifiois.classifies captured data
based orpattensin the knowledge and featuresctracted It has been used in recognigin
common patterns such ksters irises, fingerprints, voices and fadal and Wang, 2017)
Geometrical or structural features of the detected pattern are extracted to eacitilgem

algorithms to classify themmccordingo target classes that share similar predefined features.
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From successful pattern recognition, commonly used applications have been derived, such
as speech recognition and voice commands used to request falitgtilom computers
(Naveenet al, 2018) Speechpatternsare convertedo text, while the use of patternis
facilitated to enable the identification of persons, suchbgdacial recognition(Parkhi,
Vedaldi and Zisserman, 201%js recognition(Rajaet al, 2015)and fingerprint recognition

(Cao and Jain, 2019 he application of pattern recognitias not limitedto the tasks
mentioned abovyét can be applied to any shape that is detectable as a patidrthat has
features that enable it to be identified by machines. One of the more widely used patterns is
that ofword and letter¢Tabassum and Dhondse, 2015; \Wtal, 2017; Wigingtoret al,

2018) This process is more about ttransformation of text imagdato digital text,i.e.

optical character recognition (OCRjrier, Jain and Taxt, 1996)

1.1.1 Motivation
The Arabic languagdyeginningin the 4th centuryhas becomehe fourth mostwidely

spoken language in the world, with more than 300 million native spe@keesk et al,

2018) It has been spread by Islam and is the original language of the How.Qt is
essentiafor all Muslims around the world, who use it in their religious ritu@lse Holy

Quran was first written in a style that is different from modern Arabic text. It is more
cursively handwrittenwith additional decoration, to represguages of the Holy Quran
(Alshahrani, 2008)From this came the birth of Arabic calligraphy, with different scripts
used in different generations and regions forming the calligraphic scripts that are still used
today(George, 2010)AC has been used for various writing purposes, both historically and
currently.Apart from being used iwriting the holy Quran, it halseen used as decoration

for pieces of art and architectural designs. Moreover, the complicated scripts that include

many intertwined words have been used for authentication as signatures, as vegfi@alin
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papers to prevent illegal imitation atwkeep them secure by making them hard to ezl

duplicate(Kampman, 2011; Sabest al, 2016)

Manyresearctefforts haveexplored the application of OCR different languaget® enable

rapid reading of scanned text or text captured from computers. Among these various
languages, good OCR results have been achieved for Arabic, Urdu and Persian. These
languages share the same specifications and letters, so angné&@ddthat woks forany

of these could prably work in reading the othersince the differences are small. However,
these applications are not able to read Arabic calligraphic text. The challenging
specifications of calligraphic writingdéscribedn Section2.2) requireparticularmethods

to read the various forms of the scripts. FurthermtireJack of resources has reduced

opportunities tomprovethe available OCR apiphtions to the required level.

1.1.2 Scope

This researclnasfocused on the computationakeading of AC images. These images are
handwritingbased and the approach is intended for the reading of any image in offline
mode. Machine recognition ofeadableinformation is categorised into online or offline
processes, which refers to the processimagle of reading. Online reading processes are
activated at the same time as the handwriting or machine printing of the text, capturing and
recognising it in parallel with it being wignfrinted. This process is used widely in PCs,
smartphones and tablvices, in which dynamic actions appear at the same time as writing,
for example spelling correctionTagougui, Kkerallah and Alimi, 2013)Online readable
informationis not included in the scope of this research. Offline processesoacerned

with the reading of handwritten or machipented text that is captured or scanned from
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different resourceAbdalkafor, 2017)Machineprinted text is also outsid# the scope of

this research.

The recognition process for handwriting is more ablo@digitising of different documents
written by hand(Hamad and Kaya, 2016Previous research admits that handwriting
recognition ismore challenging thathe recognition ofmachineprinted text(Echi and
Saidani, 2014)Handwriting is more affected by the style of the writer as webathe
inconsistent spacing and sizeletters which varyfrom one person to another. In addition

to these challenges, tieeis also the intertwining of text in the calligraphy styles and the
representation of text as glyphs. The textestydre complicated arsmbmetimegandomly
formed from one calligraphy style to another, butdhgcal factor is that the resources for

al AC images are knownThis simplifies the challeng because the written text is
predictable since all AC quotations are representations of text from the Holy Quran and

Sunnah Hadith(Saberiet al,, 2016)

We conductedrainitial investigation of the approaches used in general by established OCR
applications to determinedhmethods to be included in the scope of this research. OCR in
general consists of three main parts used in the reading of different languages: pre
processing, recognition and pgsbcessingBag and Harit, 2013; Ye and Doermann, 2015;
Hamad and Kaya, 2016; Modi amarikh, 2017) The preprocessing part is more about
applying image processing techniques to enhance the input image and enable the clear
detection and extraction of the content. These image enhancement methods directly affect
the accuracy of recognitioesults the more successful the ppeocessing, thgreaer the
recognition accuracy ifMakandar and Halalli, 2015 he recognition part is responsible

for recognisng the text extracted from the input image. Finally, the-postessing step

1 The Sunnah Hadith is the second primary textual source of knowledge in Islam after the Holy Quran. It is
the reporof the Prophet Muhammad's words or actions.
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corrects the results and matches the letters/words to possible sentence structures based on

linguistic modelgAlghamdi and Teahan, 2018)

The preprocessing techniques usedclude preparing the image for more concise
presentation. The text in the imageprepared for the recognition stageseveralsteps,

which differ from one form of OCR to another, as determined by the target image and text
structurglRogowska, 2009; Duwairi and-Erfali, 2014; Modi andParikh 2017) The most

commonly used steps in ppeocessing techniques are defined in general as follows:

1. Analysis of the image layout increases the focus on the text blocks in the image, ignoring
the background and ndext blocks. However, this method is not suitable for
calligraphy, in which some of the text represented as glyphs would be eliminated from
the main text blocksAlso, because othe randomness between stylésere isno
standardisethyout format.

2. Binarisation is the conversion of an image frogray-scale to black and white.dhables
faster manipulation of the text and reduces noise in the image. Morsower methods
canbe applied to remove noise or specific objeift®ound, from the image. The noise
level in calligraphy is very high due to the diacritics that surround the text (as described
in Section2.2). Thisrequires enhanced methods of noise removal.

3. Steps to thin the texreregularly used for handwriting, with the text being represented
in skeleton strokes one pixel wide. This method is not useful for calligraphy as it would
lead to more comision with intersecting letters.

4. Another step is to detect the amount of slant and skew in the image and cofit@st it.
is commonly appliedo text that is writtergenerallyon abaseline, which makes it easy
to detect and correct slant and skew. Howeire calligraphy there is no baseline to
follow, and the text is represented in different shapes making it so complicated that the
rotation and order to which the whole text should be corrected cannot be defined.
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5. Line finding methods define the baselineation in images and paragraph blocks.
Lines are easy to detect when the text is written horizontally, but not if the text does not
follow a line, which is the case in AC, in which the text follows artistic shapes and

directions with no restriction toarticular line.

The recognition part of the procassuallyincludes the following steps:

1. Segmentation methods for lines, words or elettersarebased on separating the text
into subimages. For calligraphy, it is hard to segment an image into woldges due
to the intersections and intertwining of letters preventing correct segmentaiisn.
research works at the character/letter level without detecting the order of letters to
simplify the detection of the texBy the end of the recognitionagie a bag of letters
(BOL) is created to be used to find similar quotations in the-pastessing stage.
Special methods of detectitgftersfrom complex texarerequired in this research.

2. Word/etter normalisation scales the segmented image to firdhjeired size for the
training process.

3. In the training process, different features are extracted from the segmented and
normalised image to enable the model to learn the accurate identification of each image
category. The extraction of several featuvesich can be categorised as handcrafted or
machinebased, is used to enalalethentidearning by the model. Handcrafted features
are the methods used to extract specific features from the image, while rrizeteoe
features are those presented by thepdearning models generated in the training
procesgSargano, Angeloand Habib, 2017)

4. The featuresfthe input image are classified and identified as the related text categories

defined by the modeThis final step in the classification stage is more about identifying
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the captured featuregth ther specified categaes in the modelFor this research, this

step is about recognising the detected letters and fillrmBOL for each AC image.

The postprocessing part includes the following steps:

1. Validation of the text resulting from the recognition stepussially supported by a
contextbased language model to improtlee statistical, grammatical and general
format. For this research, the results of the recognition stages of letters tlat are
not ready for validatiobbut need more processing in ordephdan actual text results.

2. The correction of the resulting set of letters is supported by a despagaific corpus to
enable the correct checks and changes to be niagamproves the results, with the
most likely candidate text being found from the corpus. appliedto the resulting bag
of letters in order to check the extracted letters against the corpus and to identify any
missing values

3. Theletterword results are matched and mapped to the text in the target quotations. This
approachs used for cdigraphy, with only the letters being identified in the recognition
stage and quotation matching and text building being passed to thepposessing
stage. This predefined knowledge and expectation regarding the probable text in the AC
image is theprimary support and motivation in solving the critical task of reading

calligraphy.

The proposed approach, as showrrigure 1-1 which defines the scope of this research,
eliminates some of the methods used by OCR applications that do not fit the case of
calligraphy textThe other focus athe additional methods and steps is to raise the level of

detection fromthesesophistcatedscript styles and to support the reading procdss
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example, image sharpening is used to clarify small details in the AC images in order to
determineif they are text or background decoratidvieanwhile, the focus in the main
techniques is to simfy the complex calligraphy text in terms of noise removal by

specialised diacritical methodology and letter detection techniques.

= Pre-processing ——

+ Sharpening
* Binarisation
» Noise removal

» Letter detection
» Feature extraction
» Classification

* Checking and supporting results
* Quotation matching (Letters-/Word-based)

Figure 1-1: The framework of the proposed approach and scope of the reading of AC.

1.2 BRIEF OVERVIEW

This section introduces the general aims and objectives of this research, in addition to its
problems and challenge$his is followed bya descrption of the planned approach to
resohing the research questions and challenges. Finally, the contribution of this rasearch

explained briefly.
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1.2.1 General aim and objectives

The main aim of this research is to design an OCR model to eghatédecurate reading of
particular ACimages and to translate from images to suggestions for probable quotations
that matchtheseimages. A number of research questions, from different views of
functionality, are the basitor the development of this reseh.The research questions are

as follows:

RQ1:What are the begierformingpre-processing methods for enhancing the input image

with minimal time and cost?

RQ2: How are calligraphy texts to be read from an image in the abseraceonisistent

sequentl order?

RQ3: How are the shapes of intertwined letters to be detected from an image without

segmentation?
RQ4: What methods of language support will allow error checking and spelling correction?

RQ5: Are the available Arabic corpora and datasets gefiicto support computational

reading based on Arabic calligraphy?

These are the questions investigated during this research and answering them is key to

resolving the main obstacles and achieving the computational reading of AC images.

The main aim is taecognise handwritten Arabic calligraphic text in input images. To

achieve this aim, a number of objectives were identisdpllows:

1. CollectanAC image dataset angeit, based on manual labelling and extraction of

letters to create and collect thequired ACletter image dataset.
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. Collect a representative corpus of labelled quotations from the AC dataset and
representhesequotations in a bag of lette(BOL) formati a key and unique
component of the corpus

. Design an image processing methodgltgenhance calligraphy images and remove
high levels of noise.

. Design adetection methodology to enable the extraction of letters from the
complexity of intertwined text.

. Designa feature extraction methodology that accurately describes AC letters to be
identified by the model.

. Designan AC letter learningnodel that classifies the detected lettersording to

the most accurate classification process above, and analyse the results statistically to
investigate the strengths and weaknesses of the recogoitdifferent letters

. Define a rulebased bigram model to support the pmsicessing quotation matching
stage by filling in missing letters.

. Design a searehased model in the corpus to find quotations with sinBifat.sand

to producehe results as lst of suggestions for the most probable quotations.

. Design a method of generating words from the extracted letters to search the corpus
for quotations that have similar words atwl produce the results as a list of

suggestions for the most probable @uioins.

10.Design amethodology to validate and compare the-emdnd reading process for

AC images to the list of suggested quotations, with compression of the best way for

methodologies to support the reading process and produce accurate results.
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Figure 1-2 showsthe research objectives and wharmethis thesis they arsituated and

addressed

Chapter 1

Chapter 2

Chapter 3

Objective 1

—* Chapter 4

Objective 2

e

Objective 3

Objecive 3 || CBAPITS | (o)

Objective 6 '
Chapter 6 Objective 8

= Objective 9

it

Chapter 7 — Objective 10

i

Figure 1-2: Mapping of research objectives to related chapters.

1.2.2 Challenges

Five major problem areas need to be considered in order to answer the set of questions
presented irBection1.2.1 The first problem is concerned with the 4jpr®cessing stage,

which enhances the scanning and capturing®fAC image and removes the huge amount

of the noise surrounding the text. The main focus at this point is the direct effect of preparing
the image at the right level to achieve recognition results that are as accurate as possible. An
example of noise leals in AC and the conflicts they cause in detecting the actual text letters

is presented ifrigurel-3. In this examplesuitable detection methedescribedy Guerrero
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(2007, Chenet al. (2011, Gonzalezet al. (2012 andNeumann and Mata@012) were
applied to locate the letters in the input image. The result of agphgsedetectiormethals

tothe AC image, which is shown in (a), is that noise (diacritical marks) is detected as letters
in addition to the main text, as shown in (b). This confusion caused by recognising diacritics
as letters leads to misidentificatiohthe target phrase and affects the accuracy of the results.
This issueis solvedby applying an experimental study of noise rempeahducted by
calculating the sizes of objects in the image in order to define the optimal size of object that
should beemoved from AC images. Thus, the noise level in the insageluced before the
detection process is applied, enabling the reading and detection of letters only. Furthermore,
since this type of noiskasthe same size and located neato the main textjts removal
should occur with minimal loss of letters thie associated dots used to distinguish letters

from each other

Figure 1-3: Example of AC letter detection: a) original AC image as input; b) the letters detected in the image with
confusing noise also detected as letters.

The second problem concerns the order in which the text in AC imagesdisWith the
absence of consistent word order in images, it is hard to define the starting points of the

guotations they contain. All Arabic text is written from right to left, but the difference in
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calligraphy is that there can be upward, downwardroular disordering of wordékhtiar,

2018) The words in the text are written in such a way as to represent the final decorative
shape, rather than as a readable text, so it is all about connecting the words to form a beautiful
piece of art. The calligraphy Figurel-3 shows an example of the disordering of woAts.

the top there is anntroductionto the quotationwhich isthen completed in the centighere

are dfferent sizsandplacemets of text in the same image for a single quotation. The order

of readirg is disordered first in anupward, therin a downward directionTo resolve e
previousproblem,this researchs based on reading the letters and then creatiB®h

feature to represent the letters found in the whole imageBDiiss then used for atching

with similar quotations in the suppargcorpus, using two search methods, one wiased

and the other lettdsased.

The third problem is the intersecting and intertwining of letters in the text, which creates a
challenge in segmenting words atefining the text. Furthermore, the degree of intersection
varies from one calligraphy style to another, affected by the type of scripts used and the
art i s tFgerels shpws a level of text intersection that makes idhardefine and
segment each word region in the calligraphy imdades research aims teliminate this
challenging segmentation process, as it is not suited to the case of calligraphy, by attempting

to use pattern detection of letter glyphs from the graphy images.

The fourth problem is missing or misidentified letters in the detection prcgiess the

model worksbased orletter detection to fill théBOL. This is more about checking and
correcting theBOL to prepare it for thetep ofmatchingit with similar quotations. Due to

the challenging and complex text in these images, there is a need for supporting rules for the
detected letters in order to correct them and to fill in the values of missing l&étiesss

solved by applying check#hroughdomainbased bigram embeddingf the finalBOL after
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the classification procesand filling in the missing elements according to the most frequent

bigrams in the AC domain.

The final and most critical problem from the beginning of this research isatheoff
resources required to enable an approacprécesing the main target. Because of the
different types of resources, this resedrabrequired three types of dataselhe first is an

AC image dataset, needed to test the reading process andithenefy of the main research.
Secondly, a dataset of AC letter imagesecessaryo train and test the learning model to
enable the recognition of the various styles of AC letters. Finakyneal a corpus of
guotationscontainingthe text regularly fond in AC images, mainly in the Holy Quran and
Sunnah Hadith. After a long search, these different resources were found to be unavailable
in the Arabic domain. To resolve this lack and to improve the richness of research in this
domain, the required datasétave beeoarefully constructednd publishedAlSalamah and

King, 2018)

These represent all of the challenges that have been tackled during the development of this
research. Finding the best sotuts to each of these challenges is the final tangéhe way

to achievwng thebest performance and results.

1.2.3 Contributions

The maincontribution of this research is the development of an Arabic Calligraphy (AC)
Optical Character Recognition (OCR) modghis enables the successful transformation of
AC images into a list of suggestediotationsgenerated from the extracted letters. This

research contributes to the area of OCR for Arabic in terms of the following aspects:

1. Two datasets have been collectgdnerated and published in order to support the

different approaabsadopted in this research. The first main dataset is the dataset of
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AC images, in which more than 1000 AC images with different scripts and styles,
and from differentsources are collected From this dataset, through manual
extraction and generation, a dataset of AC letters has been created. This dataset is
required to work at the individual letter level and contairleast 100 sampimages

for each of the 32 Arabic letter categoriese(@bapterd ).

. Thefirst AC quotations corpus has been created, verified, tested and justified. This
corpus includes a unigukey component for representing all of its elements in the
form of bags of letterawvhich allows for fast matching and letter comparison in the
search process. The quotations in this corpus are the most frequently used in the
calligraphy domaincombining those from the Holy Quran and the Sunnah Hadith
(seeChapterd ).

. A new ldter classifier model for AC hdseensuccessfully created, which enables

the identification of thalistinctive shapes of these calligraphic letters. This model
has been tested with different learning methods and feature descriptors to select the
best perdfrmance in the case of calligraphy letters Gkapters).

. This research has followed a new approach in order to achieueatedetection of

letters from such complex text. This approach has involved two processes, the first
of which is to detect the letters from the image by different methodenpare

which performsbest in the case of intersecting letters. SecondBQO& feature
represents the letters found in the image. TB@L is then matched with the
supporting corpus to find similar quotations without the need to read the words/letters
in sequential order to configure the text (S#@pterd ).

. A completely new AGecognitionmodel haseensuccessfully created. This model

has been tested in reading the various types of AC images. The finaliseoesult

of the comparison of different methods for the different steps in ordesid¢ct the
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best endlo-end approach to enable the correct mapping tteamput image tahe

guoted text (se€hapter6 ).

These contributions have resulted in the following publications:

- Al Sal amah, S. and bKicngCalR. g(2pAy) TéAr a
Advances in Data Science Conference 2017, Manchester (Poster Presentation).

- Al Sal amah, S. and King, R. (2018) 60Towa
Calligraphy: A Letters Dataset BEEd Corr

International Workshop on Arabic and Derived Script Analysis and Recognition,
ASAR 2018, pp. 123.

- AlSalamah, S.,Batisthavarro, R. and King, R. D. (20

to Facilitate Computational Retald(eds.)g o f
Intelligent Data Engineering and Automated LearntagDEAL 2019. Cham:
Springer International Publishing, pp. 2934.

1.3 THESIS STRUCTURE

This chapter has presented a brief introduction and background, along with a description of
the motvations for this research and a definition of its scope and domain compared with

previous OCR models. A brief overview of the research aim has then been given, as well as
research questions and research objectives, followed by an explanation of the main
challenges for the research and how these could be tackled. Finally, the main contributions

of this research have been highlighted.

Chapter 2 presents an overview of the character recognition domain in ganiheh focus

on the Arabic language. It intrades the history of OCR and gives a brief description of
related research topics. The chapter covers the identity and specifications of the Arabic
language before moving to a description of Arabic calligraphy and its history, including
characteristicfeatues of each calligraphy styl&his is followed by an outline of the
challengesin functionalising these calligraphy styles in the different methods of data
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processing. The chaptdinishes by identifying related work conducted in the Arabic

calligraphy donain.

Chapter 3 introduces therimary approachin this research and the methodology that is
followed in order to enable the reading of AC images. The approach uses different steps with
the methodologies applied in each step being defined in detaim@&m phases represented

in the chapter are image ppeocessing, text extraction and quotation matching. In each of
these phaseseveralmethods have been applied to enhance the results and to compare

different techniques in order to identify which i®shsuited to the case AC.

Chapter 4 describes the construction of the supporting datasets for Arabic calligraphy.
Separate datasets are devised for the AC images and the letter images, in addition to the
calligraphy text corpus. A detailed descriptumirthe collection and generation processes for

the different image and text datasstpresentedin addition to the indexing operation for

the corpus and the groumdith annotation details for the datasets. Statistical analysis was
also conducted to reaw the different specifications of the collected corpus. Finally, the
critical features of the datasets and corpus are descabedtheir potential usability is

defined.

Chapter 5 presents an experimental study of the construction of the AC lettefiela3sis

starts with a preview of data preparation and the different feature descriptors for the letter
image dataset generated @hapter 4. It then presents the experimental results from
comparing the best learning modatiwfeature extraction methodologies. The best model

of the results is selected and statistically analysed to study the strengths and weaknesses of
the different letter categories. Finally, from the resulting misclassification probabilities, a
simulation sudy is carried out to examine the validity of tBOL indexing method of

finding target quotations.

34



Chapter 6 describes th@rincipal experimental approach to the computational reading of

AC images.A pilot experiment initiateghis with a small sample oimages in order to
analyse and critically study the performance of the different steps. The pilot investigation
involves the selection of 15 test samples and presents an evaluation process for each level.
The challenges and problems are identified anda@xgd while, after the required settings

are settled, the main experiment te288 variousAC images from the dataset collected in
Chapter 4. The final results of the computational reading of the AC imagepresented

with a comparison between the best methodologies for the case of calligraphy.

Chapter 7 presentsheconclusismsfrom the researchdirectionsfor future work and asing

remarks on the thesis in generbhis iscombined with a discussion tife objectives and
research questions, and hdhese areanswered throughout the research study by the
experimental result3.here therfollows suggestions for future work imptidoy this research

and possible enhancements for each stage covered by the research. The chapter concludes
with a brief explanation of the novelty of this research and some closing remarks on the

thesis
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Chapter 2 REVIEW OF ARABIC CALLIGRAPHY

RECOGNITION

This chapter presents a review across research studies on recognition of Arabic and those
that investigate calligraphy. It provides an overview of the specifications for the written
Arabic language and of the different specifications that are foundAfr styles.
Furthermore, the challenges implied by this language for the desjrdevelopmendf
applications are discussed. The main focus of this research and the review presented here

centres on offliné\C text recognition.

OCR is the process of reading texbifn a sourceand then savng it separately onto a
computer. This digitisation process of different types of icpatbeused for any text format

and languagéBag and Harit, 2013)Usually, application of OCR passes through many
phases to complete the whole process of digitisation, with each phase including different
steps. These steps differ from one type of OCR to another according to the classification
type and the main purpose of recognition. Many algorithms have been used in these phases

to carry out the process of successfully achieving the goal of the reqppiechtion.

A survey study is introduced in this chaptircusing on OCR of the Arabic language,
especially in the calligraphy domain. Furthermore, there is a review of OCR for calligraphy

across different languages in comparison to Arabic.
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2.1 INTRODUCTION

2.1.1 Overview

The review starts by looking at the history of OCR #meadvancemenof this fieldacross
time up until its present achievements. The early development of OCR and the different

topics that have been studied and included within the field anesdisd next.

2.1.1.1 History of OCR

The history of OCR covers how it developed from early research on the first OCR device to
the current improved OCR applications. The main idea of OCR was initially as hardware,
starting with the entering of information onto anquuter bya process of scanning. The
problem at that time was finding a way to enable computers to scan document images. The
origins of OCR go back tthe early 1878 but, while OCR predates computers, work on

OCR intensified, both in industrial and resgasettings, with the advent of computers in the
mid-1940s. The first OCRnodela ppeared in 1900 with the Ru:
successful attempt to aid the visually handicap@&alindan and Shivaprasad, 1990he

basic definition of OCR as machine reading came through Guiatzschek in 1928, when

light detecting photocells were used as the basic method to recognise patterns on paper or
card (Wakahara and Kimura, 1999n the md-1940s, extensive work was published by
researchers on character recognition, which became an activéTiiedd Jain and Taxt,

1996) The first scanner machine was invented in the early 1950s and worked by capturing
images by mechanical and optical means using rotating disks and photomultipliers. This
invention resulted in revolutionising the document management process by @rhblin
manipulation of scanned images to become searchable docui®mfis, Bacchuwar and

Bhasin, 2012)In the 1980s, there was a rise in endel and specialised OCR readers with
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faster document readers, able to read a wide range of typewritten fonts and pages with
multiple fonts(Al-Badr and Mahmoud, 1995Jhe motivation for these OCR applications

at thattime was the need to digitisea process government, bankiagd health recordgs

and to save such important documents in electronic versions for faster and safer handling

(Alginahi, 2013)

2.1.1.2 ResearchlropicsRelated to OCR

OCR applications vary in terms of the topics and aireaghich they can be empled. The
usage of OCR applications and thegkationshipto the main areas of computer science
describedbelow. These research trends are artificial intelligence, machine learning,

computer vision, pattern recognition and natural language processing.

Artificial intelligence This is more about enabling machines to mimic the cognitive function
of humans associated with the human miRdssell and Natig, 2016) The process by
which OCR applications enable computers to recognise, sort and process text in documents

is an artificial intelligence approa¢Ral and Chaudhuri, 2004)

Machine learning This employs algorithms that are designed and developed to enable
computers to learn from data orderto facilitate different processes of manipulation
(Sebastiani, 2002J-eature engineering is an example of the machine learning methodology
in which discriminatie information is extracted from data and organ{&shgio, Courville

and Vincent, 2013)

Computer visionThis enables the underatiing, analysis and enhancement of images by
computers. In these and other imagkted methods, it isssentiato employ the image

information electronicallyallowing it to be manipulated by computdislette, 2014) The
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image preprocessing stage of OCR applications to enalilamred identification of the text

is one of thdeadingcomputer vision methodologi€g/aldchen and Mder, 2018)

Pattern recognition This enables computers to identify specific patterns from different
sources by learning the features of these patterns and how to recognise them in the required
domain(Pal and Wang, 2017)ris, fingerprint, voice and face recognition are some of the
many examples of patterns that have been studied and used in the field of pattern recognition
and the development of human identificatiomodels Moreover, text is one ofichest
domainsas itinclude many types of patterns to be analysed. These patterns vary in terms of
the required information, for example letters, words, bigrams and (Merand Doermann,

2015)

Natural language processing (NLPJhis field overlaps withcomputational linguistics, a
domain in which computers can process and analyse largerdas of natural language data
(Hirschberg and Manning, 2015The application of OCR uses language processing in

generating and employing corpora mostly to support the process of recognition.

To conclude, OCR applications are rich in terms of the employment of dserabust
computer science methodologies in different fields to enable images to be correctly

transformed into text for analysasd extraction of information.

2.1.2 Types of Readablel nformation

OCR has been used widely for different types of informationinijnacategorised as
handwritten or machinprinted textFigure2-1 shows the types of readable information that
have been used and experimented with in computational reading research over many years
up until the presentThe nachine-printed type is more constant and straight forward,

focusing on single or multiplefont recognition at the same timMore challenging is
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handwritten text, which has options for online or offline text manipulalibese different
types of informatiorare specified before the development of the preferred OCR application
since they vary in terms of data handling process according to the type s@tdwdter

and Abandah, 2002; Lorigo and Govindaraju, 2006)

Readable
information

Handwritten

Machine
printed

5

- A N - 1 N e A N
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Figure 2-1: Types of readable information thdtavebeen used and experimented with in the computational domain.

2.1.2.1 Handwritten versusMachine-Printed Text

Handwritten text reflects a writedependent style and language format. It is more
complicated than any other type of text in terms of handling by OCIRafns, especially

for cursivebased languagedloreover, the detection of the baseline is required, and the
distances between letters and between words araum@mrm. This neals complicated
algorithms for detection and segmentatidandwritten lettes are varied in their shap and
sizes, all of whicimeealsto be handled to enable them to be read in the identification process.
For these challenges, many algorithms are used in thprpcessing and pegrocessing
stages to help support the predintiof the possible textAmin, 1998; Kumar, 2014;

Bhowmik et al, 2018) On the other hand, machipeinted text is represented through the
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recognition and reading of text createdddypewriter or computer printer. This type of text

is morecorsistent than handwritten text and hastablebaseline and spacing between words
andletters which have fixed size and shape&/u | kovi | and .Fhistyzafnovi | ,
text is recogniged with highly accurate results, especially for the {woinsive languages

(Hamad and Kaya, 2016yurthermore, in some cases, the madelsuccessfully read text

without the use of complicated algorithms and segmentation pro¢&ssedaris, Kesidis

and Gatos, 2016)

2.1.2.2 Online versusOffline ldentification

The data pocessing time, when it is indicated or produced, may relate to online or offline
recognition. Online character identification is carried out to tesdn reaktime, as opposed

to handling it directly from a text input device connected to a compAtéhe same time,
when the user is writing, the process of recognition includes saving the text with its printing
features. Example of such featuegestroke size, the direction of writing and specification

of the collected texiThis category focuses onamy elements in the development thiaabé
capture of the writing directly by using additional software to interrupt the movements of
the writing; moreover, it isusceptibleo text direction and pen specificatigi@hattacharya

et al, 2017; Keysergt al, 2017; Chaithra and Indira, 201&xamples of redime input
collecting devices include smartptes, tablet PCand any tablet board connected ttee

main device that enables the user to write or draw on it. Meanwhile, offline character
recognition is about handling text that has been transferred to a computer by saatner,
captured and saved axt imageqArica and YarmasVural, 2002) These types of input

can be machinerinted or handwritten text. They represent the challenges of language with

added challenges in terms of the handwriting stésis more complicated and recognition
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rates for suctkextare low(Singh, Bacchuwar and Bhasin, 2012; Zagetial, 2014; Cheng

and Han, 2016)

2.1.2.3 Variations Based on Anguages

The lnguage style is one of the matonponents that directhaffeds the accurate
recognition of text by OCR applications. Categorising languagesms ofthelocation of
thosethat are commonly used and experimented with in research has resulted in four main
groups. These are the LatifFa Eastern, South East Asianand Middle Easbased
languagegGovindan and Shivaprasad, 199Bach language category has its own different
properties. The Latin, or Romance languages, which include English, French, German,
Italian and Spanish, are based on alphabets of letiers Theselettersare simple in
structure, mainly composed of a few lines and &&isosh, Dube and Shivaprasad, 2010)

The Far Eastern languages include the Chinese and Japanese languages. These languages are
unique in their writing style, having more than 5,08ers with complicated shags. OCR
commonly uses two levels to classifijese letters the first level to group them as
representing a single character, and the second to classify the ch@haotest al, 2013)

The South East Asian languages include the Indian, Tamil, NepdliThai languages.
Different sets of sapie lettersrepresent this language categaoegularly being represented

by more than 250 complex shapg&hanthi and Duraiswamy, 2010; Surimtaal, 2015;
Bhattacharyat al, 2017) The pattern matching method has been used regularly toeesolv
the issue of complex character shafi#sg and Harit, 2013)The last category is Middle
Eastern languages, including Arabic, Persian, Turkish, Kurdish and Hebrew as the most
well-known. These languages have large numbers of speakers, while there are another 20
minority languages also spoken in the Middle EAbd and Paschos, 200Arabic, Persian
andKurdish are based on Arabic alphabets and are read from right to left. This category of
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languages has cursive letter shapes and character segmentation algoritiipicadiseused

for recognition(Doermann and Tombre, 2014)

2.2 THE ARABIC LANGUAGE AND CALLIGRAPHY

This setion provides an overview of the written Arabic language and calligraphic style
specifications. In addition, it discusses the problems and the challenges of calligraphy style

thathaveminimisedthe use of this field in the research area.

2.2.1 Arabic Language Specifications
Arabic is ranked fifth amon thenurhber ofmnativd d 6 s |

speakers recorded, with more than 295 million native speakers around the(Ray|d

2019) It arose between the first and fourth centuries and is defined as a Semitic language.
The name Ar abi c , a pame desclibmg the péofle bvingin the area

confined by Mesopotamia in the east and the-Rabanon Mountains in the west, in nerth

western Arabia and the Sinai Penins{f\&Jallad, 2013) The Arabic language consists of

28 main letters, and the direction of writing is from right to left. There is no cépitar

case letter distinction in Arabic; it has only one d&®aalan, 2010)The letters in a word

are connected by the wordds baselFgare22as wel |
shows this baseline connection of | etters i

in a machingrinted format.

baseline
-,

Figure 2-2: The two words@Arabic languagé written in machine font to skothe baseline connection of the words and
the cursive nature of the language above and below the baseline.
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Arabic letter shape is differentiated by the position of the letter in the word (start, middle,
last and isolated)lable 2-1 shows the 28 main Arabic letters, the shapes of wiitar
according to the position of the letter within the word. The six letters,C , pegriventphe F
word into parts ando not join to other letters like the rest. They lack connecting shajpe

the initial or middle locations in words. Frohable2-1, the three lettergin, ghainandhah

( k ), hdve four different shapes according to their locations in the word. Each of these
shapes is represented with a diéiet glyph of the lettetMeanwhile, he rest of the Arabic
letters have two different shapes representing the various forms, espaidia#yoint of
connection.Furthermore, fromTable 2-1, the width of Arabic letters is vab&e. For
example, thdetters, J , heve no constant size or fixedidth and height, and there are

cursive styles above and below the baselitech differ from one letter to another.

Table2-1: The28 main Arabic Letters and their shapes accordingteir location ina word.

English Name | Arabic Letter | Isolated | Start | Middle | End
Alef F F F.
Beh U U e W
Teeh q q bl .9 U,
Theh 5] 5] X . x| 2.
Jeem 6 6 T S
Heh n n _cl _ .l o.
Khaa S] (S] _ 3| _b._ € _
Dal b b C.
Thal M M M.
Reh P P Q.
Zain C C o8
Seen E E Pl . | E.
Sheen € € R
Sad J J Wb . h | /b
Dad K K 2T
Tah A A Al _ T B.
Dtha il il 24l . 3. E.
Ain N v K| . on| n
Ghain M M 0O . M H_
Feh P P T LY | C,
Qaf ) ) 4| X,
Kaf L L . B _ bl U
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Lam b b K. A 3.
Meem a a _B| _ 1 6.
Noon il il X . 3| e
Hah n n K| . on_ | W,
Waw M M H_
Yah p p Tl Ly c.

Arabic letters commonly share the same letter body shapes but differentiate between them
by dots above or belowtheshapemd by t he number of dots. The
(Yousfi, Berrani and Garcia, 2015)hese groups share similar shaped differ only due

to the dotsso that one group can be represented by one letter. For exanpl€, arétin

the same joining group, differentiated by the dots only, and represented by the.[Ettble

2-2 shows the 19 joining groups with their representative letiggether with the different

letters in the group diérentiated with dots and other marks. There are some groups with
only one letter, which denotes the uniqueness of these letter shapes due to glyph similarities.
Also, there are additional letters that are not counted in the 28 main letters in the Arabic
alphabet but these play important roles. They are hamza and teeh marbutah) (tégimza
represents the glottal stop, and has an important role in Arabic sp&kielam represents

feminine words, and is important Arabic grammar and the lexicon

Table2-2: The Arabic joining groups, with their representative letters and their semantic names.

Semantic Nam¢g Joining Group | Group letters
Alef w
Beh
Heh
Dal
Reh
Seen
Sad
Tah
Ain
Feh
Qaf

"
)/

< me L0

8T s|> < Mo|o|x| <7
Xy Q
e'UzJ:' mGZCD o

45



Kaf L L
Lam b b
Meem a a
Noon il il
Hah K K
Waw M Y ™
Yeh o] Q p ¢
Teehmarbutah n n U
Hamza ~ .

Arabic includes the concept of the ligature, which results from the connection of two letters.

Some letters result in a new glyph to represent the connection. Such glyphs that are produced

are joint and not easily separable by the baseline. For example, when joining thédetters

b, they are represented by the glypliMenasriet al, 2007) Additionally, the writing of

Arabic uses diacritical maslabove and below the lettesshi ch i s referred to
These diacritics are used mainly to help in pronouncing the words andigating their
meaning(Gutubet al, 2008) The marks are grouped according to their purpose; the first

group is related to pronunciation, with each mark represgmtimeaning. The diacritics

fatha(~), dumma(r"") andkesra(~) indicate short vowels, Whileukkun(o) indicates a
syllable stop. These are normally omitted from handwriting as their purpose can be easily
identified in reading without the marks being vetit but this is not the case fmbeginrer

in the reading oArabic (Lorigo and Govindaraju, 2006¥igure2-3 shows these marks and

their location above or below the letters. The other group of markings indicate doubled

consonants or different sounds represented in the word. Exampsdsdoa(* ), madda(

=) andhamza( ) that are used above or below lettdyut not in isolated examplep These

mar ks are not optional and should be presen
pronunciation and meanirfgagougui, Kherallah and Alimi, 201.3jor example, in writing

the name of God, , shaddamarks are always present above the |édier
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= ] . . =
LEL LY g "ran"

-

Dumma Kesra Fatha Sukkun

Figure 2-3: Diacritic marks used in the Arabic language.

An Arabic word may consist of one or more subrds. The joining lettersome froma
group of six lettersy C ,dn afitlitidn toRhe letteteehmarbutahfilf which is joined
from the right side only, anldaneza, which is not a joining letter. These letters split words
into parts, or disconnected sulords, called pieces of Arabic words (PAWApdelRaouf

et al, 2016) An example is shown iRigure2-4. The different word components resulting

from splitting based ot he j oining | etters: a) the name
wor d; b) the word O0Ar abi celband dvidedintostwosubn e ct e d
words ¢ ) the word O6read6 i n -ordsbesultingrfrenpthee sent e

disconnection of the jaingletter.

Jana (2= |l

a) b) c)

Figure 2-4: The different word components resulting freptitting based otthe joining letters: a) the name
6Mohammeddé written as a single wor d; rehandtdiided immtwodsubd Ar abi c 6
words; c¢) the word o6readd -waordsfesultifgifram thre eipconeestiomof teegogletter. t hr ee s u

Arabic letters are differentiated by the dots placed above or below the baseline. Moreover,
the number of dots affects the lettersjimg them a different meaning and pronunciation,

for examplethe letters2 ,9Khorsheed, 2002)Table2-3 shows the distinctions between
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Arabic letters with dots above and below the line or with different numbers of dots. A total
of 15 Aradic letters have dots, of which 12 letters have dots above the baselhthree
have dots below. The most frequent pattern is one dot, found with 10 of the 15 letters, while

three letters use two dots and two use three dots.

Table2-3: Arabic letter distinctions in terms of dots.

Description Arabic Letters
dots above the baseling ® P M O K
dots below the baselin p 6 k
one dot letters o P M O K
two dot letters p ¢ 9
three dot leers € 2

2.2.2 Arabic Calligraphy

Arabic scripts or calligraphic styles represent the cursive font styles related to art based on
Arabic. AC is a special design and form of artAmabic Islamic culture. It is about the
geometry of Arabic writing establishdégbm the geometric style of Arabic lettdi@sweis,

2002) This art form started with the beginning wfiting in the Arabic languagdt has
survived up until the present and is known all over thddvdt has been used to decorate
architecture to visualise rpresentations of the Holy Quraand is found in historical
documentqAlnajdi, 2001) The establishment &AC began with the writing of the Holy
Quran in the early centuried Islam. All of the calligraphy styles are handwritibgsed,

with writers striving to produce perfect manuscripts that have survived manyVebbmaa,

1991) The first scripts introduced were Kufic and Naskh, with other types of scripts being

introduced and used later ¢iringer and Regensburger, 1968)

Kufic script was derived from Kufa in Irag in the 7th century and started as inscriptions on
stone and metg5termotich Cappellari, 2018This style is square, bold and characterised

by shap edges and straight vertical ahdrizontal lines meeting at 9fegree angles.
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Development from the main style produced a variety of text shapes, including floral, foliated,
plaited or interlaced, and square Kufitampman, 2011; Jazayeri, Michelli and Abulhab,
2017) With these decorative characteristics, this style became the style for copying the Holy
Quran in the 12th century falecorative, architectural and Islamic identification purposes
(Flury, 1922) There were no rules or standardisation in the Kufic scripts to define the
features othe drawing of the letters. This style differs among artists, but the use of angular
and linear letter shapes is comm@tohamed and Youssef, 2014igure 2-5 shows an
example of the Kufic script from a copy of the Quran written on vellum in the 9th century.
Figure 2-6 shows the decoration of a bowl from the latéhldr 11th century using Kufic

script(Déroche, 1989; Ghouchani, 1992; Flood and N§dip&017)

Gl pen il
hLLiIJs’li ado 9
aa | oIl o
PR S O

— -

Figure 2-5: Page of the Quran in Kufic script on vellum from @tle century AD, North Africa.
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Figure 2-6: Kufic script decorating a ceramic bovvhite slip with polychrome slip decoration under a transparent
glaze. The decorative Ar abi c stbitexto thetasta, g ih the eeadssweeterthami For bear
honey. BI essi ng.-dlthcentary ThisNiéce df artasurom thelV@ttopolitan Museum of Art, New

York, Roger Fund 1956, acc. no. 56.44. Dimensions: height 11.1 cm, diameter K&ene, 1981)

With the riseand spread of Islam, there was a need for a more practical and easy to follow

style Naskh scripts arose in the 7th century, originating from Makkah and Madinah, where

it was inscribed initially on papyrus and pap&lshahrani, 2008)This became the standard

style for copyimg the Holy Quran and transcribing books and manuscripts, which is reflected

by the name of this styl e(Ahmad, 20i3aThis style whi c h
contrasts with the Kufic scripts in iteore straightforwardtructure and in drawing words

in circular shapes intertwined with each otftekhtiar, 2018) Some of the Arabic swoces
identify that ANaskhi 0-940aAd.) and bimstudedt, Iimyal | bn N
Bawwab (died 1022 A.D.jAlnajdi, 2001) However, the main point agreed by all of the

sources is that Ibn Mugla established and standardisedegeo systematisation rules of
calligraphy according to Euclidean theqgfjabbaa, 1999; Roxburgh, 2003; Alshahrani,

2008; Kampman, 2011Yhis style is more about shaping the letters based on rhombic dots

using standard lettatefthat is fixed at five or seven rhonaldots in length. Also, a standard
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circle with a diameter equal to the length alef is used in drawing wider or longer letters
(Safadi, 1979; Khazaie, 200EBigure2-7 shows an example of writing measures using Ibn

Mu q | atefiasd circle methods for drawing the lettatsf, lam, sad seenain anddal.

a2 22 22

N

Figure 2-7: Ibn Muglads (886940 A.D.) method of calligraphy standardisation in writing the letters alef, lam, seen, sad,
dal and ain(Safadi, 1979)

Fromthe basisof thesecalligraphy rules, othesuccessfuariations of the Naskh script have

been produak All of these cursive scripts are called, under the rules of Ibn Valegalam

al-sittah( 6 si x penso6 i n A NaskhiThulith MufidgoagRayhanjkiga pt s ar
andTawaqi(Safadi, 1979; kmpman, 2011; Ekhtiar, 2018)igure2-8 shows thalifferenes

bet ween these scripts iphmrtaseowr itthidimthesd fa mi loce
name of God, the Most Gracious, the Most Merdifllhe scripts are similan a general

view, as they all apply the same ryleeweverthey are different imerms oftheir levels of

cursiveness and the shapes of the letters themsdlkahithis characterised by curved,
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intersectindettersand pointed letteheads, and is comonly used as a decorative script for
headings and titlesMuhaqgagis the most angular of thal-aglam alsittah scripts,
combiring the characteristics of thEhuluthand Naskhscripts togetherit gives a rugged
script with smooth outlines and soft casvRayhaniis a smaller version of Muhaggaq,
displaying pointed letters and similar final proportiohgwqiis the most rounded of tla-
aglam alsittah scripts, withsimilar proportions of straight and curved segments. It is
characterised bthe use of marked ligatures that connect the fitetter of one word to the
initial letter of the following wordRiga shares similar proportions fwaqi with a more
naturalformation of straight lines. Its specifications enable it to be read cleargnamathly

so that it has been used in all documentgir@mcesesfrom its beginning up until the present
time (Diringer and Regensburger, 1968; Welch, 1979; Ahuja and Loeb, 2006; Alshahrani,

2008; George?2010; Kampman, 2011; Ahmad, 2013)
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SCRIPT NAME

R naskh
o
. SCRIPT NAME
B thuluth
~2

SCRIPT NAME

muhaqqaq
A

//.{!;-?i ‘ ‘/\ .. SCRIPT NAME
2 /) ) — g
>
N2 e ( “/VA SCRIPT NAME
. .
. tawgi*
A -
A 1 “r SCRIPT NAME
A 4)9 !__—-) .
T2 P riga‘

Figure 2-8: The six pensal-aqlam alsittah) scripts compared in writing thBasmallahthe phrasefiln the name of God,
the Compassionate, the Mercifuld).

Other than these six styles, there have been other styles producedtloeispread of Islam
around different regions. From the vast geographical areas covered by Islam, many unique
styles have developed from regional sty{8shinmel and Rivolta, 1992 Among the weH

known styles that have spread all over the worldCaveani, produced by early Ottoman
Turks, andTalig andNastalig developed by the Persiafi¢éaz et al, 2013; Ekhtiar, 2018)

Figure2-9 shows the differences between these scripts in writing the Basnmalaabic.
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Diwani

Nastaliq

Figure 2-9: Regional calligraphy scripts and their differences in the writing of the Basmallah, translafid ¢ name
of God, Most Gracious, and Most Merci ful o.

Diwaniis a cursive st@ of Arabic calligraphy first used in the 16th and early 17th centuries
by Housam Roum({Safadi, 1979)It is characterised ktyre narrow spacing between letters
and extra decorative lines ascending from right to left. There ardiwani styles, the
simple orRiga Diwanistyle, and the more complicat@€iwani Jali style (Osborn, 2009)

The Jali script is an ornamental one developed by Hafiz Uthman with extra specialised
intertwining leters and intensive use of decoration, dots and marks around the text
(Alshahrani, 2008) With these characteristics, this style has been used in writing court
documents to ensure confidality and to prevent copyingkampman, 2011)Figure2-10
shows the differences between thevani and Diwani Jali styles in writing the same
sentence in Arabic. Théali version shows a more complicated drawing of the text, with

intensive decoration around the sentence preventing it from being easily read
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Diwami Diwani Jah

Figure 2-10: The difference between tBéwani and Diwani Jaliscripts in writingfinor wound is deathly from pairin
Arabic, showing the greater decoration and complication ofltlistyle.

The Talig style was initiated in the 10th century, derived from Riga style. It is
characterisetly exaggerated horizontal strokes and a sloping quality of the lines of text and
has been found widely in historical copies of literary works in the Persian gagua in

the royal fami |l yés dai (Alghahcao,hr2008;,sGearge,d2610)c e a't
Mixing of the Taliq scripts and théNaskhstyle then brought about tiNastaliqstyle in the

14th centuryThis combines exaggerated rounded lefigmms with flowing lines to present

the text through highly contrasting shapes. It was commonly used in different regions by
Turks, Persians and Indians, but was rarely used in copying the Holy Qumaidi, 2001,
Kampman, 2011Figure2-11shows a Persian calligraphy folio from an unidentified album
signed by the artist, Mir Ali Haravi (d. ca.155@oxburgh, 2001) This work is from
Uzbekistan during the Shaybanid period, ca0L88; it was later in the Borders region of
India during the Mughal period, ca. 168D. Its source is the Freer Gallery of Art,
F1939.50b(Sackler, 2015)This piece of art shows the beauty of writing from previous
centuries, featura combination of the main text with smaller texts placed as decoration
around it. In addition, there is a flowebackground printed separately to present the

calligraphy piece.
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Figure 2-11: Nastaligcalligraphy in ink, opaque watercolour and gold on paper by Mir Ali Haravi (d. ca. 1550).
Uzbekistan, Shaybanid period, ca. 1680; Borders, India, Mughal period, ca. 163D; sourced from Freer Gallery of
Art, F1939.500Sackler, 2015)

An additional regional script that is not widely known is 8imi style that was introduced

in the Chinese Islamic region. Chinese Muslims incorporated their own designs from the
Arabic language at thend of the 14 century to copy the Holy Quran and for architectural
decorationGreen, 2016)This involved writing the Arabic text in the Chinese cursive style
and was characterised by thickounded flowing scripts with tapered effects, similar to
Chinese calaraphy (Ghoname, 2012)Figure 2-12 shows Sini calligraphy from the
collection of the Cangzhou West Mosque, in which the Basmallah is written in a cursive
style representing the text more likea Chinese than an Arabic scr{fglamic Calligraphy

in China 2006)
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Figure 2-12: Sini script, by Ma Jinhua, Cangzhou, Hebei, 2002. The Basmallah, "In the name of God, Most Gracious,
and Most Merciful", is written in Arabic. From the collection of the Cangzhou West M@staraic Calligraphy in
China, 2006)

Other styles of calligraphy have been introduced via their special employment in signatures,
decoration and artistic goalBughrais one of these styleshich was used by the Ottoman
sultans in their signatures. Each sultan had his bughrasignature that was printed in all
official documents and stamped on coins issued during his (8gnand, 1944) In
addition, some of thes€ughrasignatures were carvaunh the mosques and other buildings
built underas u |l t a n @varksy 2011 gFigure 2-13 shows themasterpiecelughra

sighatureas®ciated withSultan Suleiman the Magnificent (r.1586), the greatest sultan

of the Ottoman EmpiréEkhtiaret al, 2012;Khairallah, 2011)

Figure 2-13: Tughrasignature of Sultan Silleiman the Magnificent (r. 26B)(Dimand, 1944)attributedto Istanbul,
Turkey. This piece of art is from the Metropolitan Museum of Art, New York, Roger Fund 1938, acc. no. 38.149.2.
Dimensions (52.1 x 59.7crfeene, 1981; Ekhtiaet al, 2012)
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Another style used for decorative purposes is zoomorphic calligraphy. Thisnstylees
the structuring and manipulating of the calligraphic text into specific shapes of humans,
birds, animals or any other obje@lood and Necipdu, 2017) Figure 2-14 shows a
zoomorphic calligraphic structuring of the text in the shape of a horse, resulting in a beautiful
decorative piece of art that is hard to read. This type lb§@phy is found in different

shapes drawn as pieces of art or usesh&gpe wood to represent text decoratively

Figure 2-14: Zoomorphic calligraphy in the shape of a horse; the text drawn transdaté$f thereExists a Home
Devoid of Books, then it is a Home Devoid of S@éirafi, 2013)

All of the above styles have been the foundation and main influences of further development

of more modern styles andcripts. Calligraphers have created these new scripts

combining their unique ways of drawing with their application of the traditional scFipits.

has generated a variety of scripts that specify unique treatments of a particulalisbyle.

these sapts, in addition to the modern scripts created, have been used up until now in the
architecture of Islamic buildings, in artisi
logos Figure2-15 shows an example of the use of traditional Arabic calligraphy scripts in
presenting a logo of modern desi¢ilkharoubi, 2013) This logo was designed for an

Gequestrian cityin the Arabian Glii area, with the text presentirtge wordsb e qu e st r i an

58



cityéo, i n Arabi c, i n the form of a horseds
mixes four different calligraphy styleato one. Only two words are drawalong with a
combinatonofma ks and decoration that have been us
word mixes théiwani scripts at the beginningnd the rest of the word is completed in the
Thuluthstyle. Meanwhile, the second word combinesNaskhstyle with theRiga style,

which is present at the end of the word. All of this mixing of scripts introduces calligraphy

that differs in point of view from the original scripts. The influence of the main scripts is still

used as the basis of modern calligraphy whikvariation beng introduced through more

and more modern and stylish types of script.

Figure 2-15: Logo design for adequestrian citgin the Arabian Gulf area. The text prese@questrian cit§in Arabic,
inthefo m of a horseb6s head. It is an example of the manipul a
logo design(Alkharoubi, 2013)

2.2.3 Challenges inRecognising ArabicText Especially in Calligraphy

The Arabic language is complicated and has several specifications that are hardly ever
employed in automatic recognitiobettersare cursive and connected, not separated, as in
the case of Latin scrigiKanounet al, 2002) In addition, thelettersare represented as

different shapes accordingtieeir positionsin wordsand do not have a constant shape as in
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Chinese script{Fan, Wang and Tu, 19980ne of the big challengegspeciallyin
calligraphy is the different ways of representing the same text in the various styles.
Furthermore, within these stylebhere are many shapes and syles related to the main
scripts. As shown ifrigure 2-16, the Basmallah text written in the differeiiufic styles

resuls in various representations of the same quotation. All of these representations come
under one category, théufic style, but witha variety of ways of representing the text and
drawing additional cursive edges in a complicated style. Furthermore, sifuficais an
additional level of complication in which the text is represented in square shapes,

transfering it from the original badee connection.

Figure 2-16: DifferentKufic styles used in writing the Arabic text in the Basmallah, with diffespresentatiosof the
text from the same quotation.

In the calligraphy domain, every writer or artist has their own individual Sfdeeover,

some artists try to create their own lines of style that present their work unigugiyply

di stinguish them from other artistsoé worKk.
uniformly spacedandthe lines are more cursive and shépe flow in different directions.

Additionally, there isaninterweaving of both letters and words, more thatheworiginal
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