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ABSTRACT 

The Arabic language originally made use of ancient calligraphy, which is found in historical 

documents and the Holy Quran. This calligraphy shows a different representation of Arabic 

texts using 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 ago, they have mostly been reflected 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 simplify the reading and digitisation 

processes. To the best of our knowledge, this is the first attempt to investigate the recognition 

of Arabic calligraphy images and the reading of text drawn in such images. 

Due to the lack of resources in the calligraphy domain, different 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 calligraphy image dataset. All of these datasets were used for 

training, testing and support in the different phases that were applied to achieve the primary 

goal of reading calligraphy. 

A new approach to the recognition of Arabic calligraphy was developed to manipulate 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. The letters detected had 

their features extracted through a comparison between the histogram of oriented gradient 

(HOG) features and a bag of speeded-up robust features (SURF) used in training two 

different recognition models, support vector machines (SVM) and the convolutional neural 

network (CNN). In the investigation into 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) feature. This feature was used to search the corpus 

according to two different methodologies to produce the list of probable quotations. The first 

method compares the target BOL with the corpus index BOL for each element, while the 

second method generates a list of related words from the BOL and then searches the 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 matching and 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 top ten quotations using the BOL 

matching process. 
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Chapter 1  INTRODUCTION  

Data science is currently in high demand 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 need for digitisation and transfer of data from printed and 

handwritten sources to computer-based readable formats. Transforming printed text into a 

machine-readable form involves a process referred to as optical character recognition 

(OCR). This process is accurate and faster than manual typing by human operators; it saves 

time, prevents human error and can support different formats (MamtaKadyan 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 high speed. However, OCR can be limited by 

certain types of text and specific languages, 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 language and on either handwritten or machine-printed text. 

Such restrictions result from the differences between language specifications that cannot all 

be handled at the same time. Moreover, the operation that handles handwritten text is more 

complicated than that for machine-printed text, with each case having its own development 

methodology (Sun et al., 2015; Ye and Doermann, 2015). Although some OCR methods 

have recorded more than 90% accuracy in the recognition and digitisation of text from 

various images (Modi and Parikh, 2017), these are still challengeable and need improvement. 

OCR is still weak and requires more enhancement when it comes to intersecting and 

connected types of script, such as Arabic and Persian (Abdalkafor, 2017). Furthermore, some 

scripts have 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 historical documents, books and architecture is considered 

as a highly valuable part of heritage (Saberi et al., 2016). OCR allows for the archiving of 

this information, saves it from loss or damage and enables it to be processed. The complex 

specifications of Arabic have caused a significant lack of proper research in the OCR field 

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 domain (Osborn, 2009). All of these particular types of Arabic text 

are lacking in terms of computational methods that can read them. The importance of these 

historical documents raises the need to prevent them from being lost. The 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 historical sites, indicates the necessity to 

explore these calligraphic styles of text through OCR methods. This research investigates 

the AC domain to enable the reading of these calligraphies and to encourage further 

development in the field. 

1.1 BACKGROUND  

One of the most powerful and widely used methods for resolving the challenges in reading 

letters and words from scanned images is pattern recognition. This classifies captured data 

based on patterns in the knowledge and features extracted. It has been used in recognising 

common patterns such as letters, irises, fingerprints, voices and faces (Pal and Wang, 2017). 

Geometrical or structural features of the detected pattern are extracted to enable machine 

algorithms to classify them according to 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 functionality from computers 

(Naveen et al., 2018). Speech patterns are converted to text, while the use of patterns is 

facilitated to enable the identification of persons, such as by facial recognition (Parkhi, 

Vedaldi and Zisserman, 2015), iris recognition (Raja et al., 2015) and fingerprint recognition 

(Cao and Jain, 2019). The application of pattern recognition is not limited to the tasks 

mentioned above; it can be applied to any shape that is detectable as a pattern, and that has 

features that enable it to be identified by machines. One of the more widely used patterns is 

that of word and letters (Tabassum and Dhondse, 2015; Wei et al., 2017; Wigington et al., 

2018). This process is more about the transformation of text images into digital text, i.e. 

optical character recognition (OCR) (Trier, Jain and Taxt, 1996).   

 

1.1.1 Motivati on 

The Arabic language, beginning in the 4th century, has become the fourth most widely 

spoken language in the world, with more than 300 million native speakers (Kwaik et al., 

2018). It has been spread by Islam and is the original language of the Holy Quran. It is 

essential for all Muslims around the world, who use it in their religious rituals. The Holy 

Quran was first written in a style that is different from modern Arabic text. It is more 

cursively handwritten, with additional decoration, to represent pages 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 in writing the holy Quran, it has been 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 well as in official 



  

20 

 

papers to prevent illegal imitation and to keep them secure by making them hard to read and 

duplicate (Kampman, 2011; Saberi et al., 2016).  

Many research efforts have explored the application of OCR to different languages to 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 any OCR method that works for any 

of these could probably work in reading the others, since the differences are small. However, 

these applications are not able to read Arabic calligraphic text. The challenging 

specifications of calligraphic writing (described in Section 2.2) require particular methods 

to read the various forms of the scripts. Furthermore, the lack of resources has reduced 

opportunities to improve the available OCR applications to the required level. 

 

1.1.2 Scope 

This research has focused on the computational reading of AC images. These images are 

handwriting-based, and the approach is intended for the reading of any image in offline 

mode. Machine recognition of readable information is categorised into online or offline 

processes, which refers to the processing mode 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 written/printed. This process is used widely in PCs, 

smartphones and tablet devices, in which dynamic actions appear at the same time as writing, 

for example, spelling correction (Tagougui, Kherallah and Alimi, 2013). Online readable 

information is not included in the scope of this research. Offline processes are concerned 

with the reading of handwritten or machine-printed text that is captured or scanned from 
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different resources (Abdalkafor, 2017). Machine-printed text is also outside of the scope of 

this research. 

The recognition process for handwriting is more about the digitising of different documents 

written by hand (Hamad and Kaya, 2016). Previous research admits that handwriting 

recognition is more challenging than the recognition of machine-printed text (Echi and 

Saidani, 2014). Handwriting is more affected by the style of the writer as well as by the 

inconsistent spacing and size of letters, which vary from one person to another. In addition 

to these challenges, there is also the intertwining of text in the calligraphy styles and the 

representation of text as glyphs. The text styles are complicated and sometimes randomly 

formed from one calligraphy style to another, but the critical factor is that the resources for 

all AC images are known. This simplifies the challenge because the written text is 

predictable, since all AC quotations are representations of text from the Holy Quran and 

Sunnah Hadith1 (Saberi et al., 2016).  

We conducted an initial investigation of the approaches used in general by established OCR 

applications to determine the methods 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 post-processing (Bag and Harit, 2013; Ye and Doermann, 2015; 

Hamad and Kaya, 2016; Modi and Parikh, 2017). The pre-processing 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 recognition results; the more successful the pre-processing, the greater the 

recognition accuracy is (Makandar and Halalli, 2015). The recognition part is responsible 

for recognising the text extracted from the input image. Finally, the post-processing step 

                                                 
1 The Sunnah Hadith is the second primary textual source of knowledge in Islam after the Holy Quran. It is 

the report of 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 models (Alghamdi and Teahan, 2018).   

The pre-processing techniques used include preparing the image for more concise 

presentation. The text in the image is prepared for the recognition stage in several steps, 

which differ from one form of OCR to another, as determined by the target image and text 

structure (Rogowska, 2009; Duwairi and El-Orfali, 2014; Modi and Parikh, 2017). The most 

commonly used steps in pre-processing 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 non-text 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 blocks. Also, because of the randomness between styles, there is no 

standardised layout format. 

2. Binarisation is the conversion of an image from grey-scale to black and white. It enables 

faster manipulation of the text and reduces noise in the image. Moreover, some methods 

can be applied to remove noise or specific objects, if found, from the image. The noise 

level in calligraphy is very high due to the diacritics that surround the text (as described 

in Section 2.2). This requires enhanced methods of noise removal.  

3. Steps to thin the text are regularly 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 confusion with intersecting letters.  

4. Another step is to detect the amount of slant and skew in the image and correct it. This 

is commonly applied to text that is written generally on a baseline, which makes it easy 

to detect and correct slant and skew. However, in 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. 



  

23 

 

5. Line finding methods define the baseline allocation 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 to a particular line.  

 

The recognition part of the process usually includes the following steps: 

1. Segmentation methods for lines, words or even letters are based on separating the text 

into sub-images. For calligraphy, it is hard to segment an image into words or lines due 

to the intersections and intertwining of letters preventing correct segmentation. This 

research works at the character/letter level without detecting the order of letters to 

simplify the detection of the text. By the end of the recognition stage, a bag of letters 

(BOL) is created to be used to find similar quotations in the post-processing stage. 

Special methods of detecting letters from complex text are required in this research. 

2. Word/letter normalisation scales the segmented image to fit the required 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 features, which can be categorised as handcrafted or 

machine-based, is used to enable authentic learning by the model. Handcrafted features 

are the methods used to extract specific features from the image, while machine-based 

features are those presented by the deep learning models generated in the training 

process (Sargano, Angelov and Habib, 2017).  

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

defined by the model. This final step in the classification stage is more about identifying 
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the captured features with their specified categories in the model. For this research, this 

step is about recognising the detected letters and filling up a BOL for each AC image.  

 

The post-processing part includes the following steps: 

1. Validation of the text resulting from the recognition step is usually supported by a 

context-based language model to improve the statistical, grammatical and general 

format. For this research, the results of the recognition stage are sets of letters that are 

not ready for validation but need more processing in order to obtain actual text results. 

2. The correction of the resulting set of letters is supported by a domain-specific corpus to 

enable the correct checks and changes to be made. This improves the results, with the 

most likely candidate text being found from the corpus. It is applied to the resulting bag 

of letters in order to check the extracted letters against the corpus and to identify any 

missing values.  

3. The letter/word results are matched and mapped to the text in the target quotations. This 

approach is used for calligraphy, with only the letters being identified in the recognition 

stage, and quotation matching and text building being passed to the post-processing 

stage. This predefined knowledge and expectation regarding the probable text in the AC 

image is the primary support and motivation in solving the critical task of reading 

calligraphy.  

 

The proposed approach, as shown in Figure 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 text. The other focus of the additional methods and steps is to raise the level of 

detection from these sophisticated script styles and to support the reading process. For 
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example, image sharpening is used to clarify small details in the AC images in order to 

determine if they are text or background decoration. Meanwhile, the focus in the main 

techniques is to simplify the complex calligraphy text in terms of noise removal by 

specialised diacritical methodology and letter detection techniques.  

 

 
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 challenges. This is followed by a description of the planned approach to 

resolving the research questions and challenges. Finally, the contribution of this research is 

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 enable the accurate reading of 

particular AC images and to translate from images to suggestions for probable quotations 

that match these images. A number of research questions, from different views of 

functionality, are the basis for the development of this research. The research questions are 

as follows: 

RQ1: What are the best performing pre-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 absence of a consistent, 

sequential 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 sufficient to 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 to recognise handwritten Arabic calligraphic text in input images. To 

achieve this aim, a number of objectives were identified, as follows: 

1. Collect an AC image dataset and use it, based on manual labelling and extraction of 

letters, to create and collect the required AC letter image dataset.  



  

27 

 

2. Collect a representative corpus of labelled quotations from the AC dataset and 

represent these quotations in a bag of letters (BOL) format ï a key and unique 

component of the corpus. 

3. Design an image processing methodology to enhance calligraphy images and remove 

high levels of noise. 

4. Design a detection methodology to enable the extraction of letters from the 

complexity of intertwined text. 

5. Design a feature extraction methodology that accurately describes AC letters to be 

identified by the model. 

6. Design an AC letter learning model that classifies the detected letters according to 

the most accurate classification process above, and analyse the results statistically to 

investigate the strengths and weaknesses of the recognition of different letters.  

7. Define a rule-based bigram model to support the post-processing quotation matching 

stage by filling in missing letters. 

8. Design a search-based model in the corpus to find quotations with similar BOLs and 

to produce the results as a list of suggestions for the most probable quotations. 

9. Design a method of generating words from the extracted letters to search the corpus 

for quotations that have similar words and to produce the results as a list of 

suggestions for the most probable quotations. 

10. Design a methodology to validate and compare the end-to-end 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. 

 

 



  

28 

 

Figure 1-2 shows the research objectives and where in this thesis they are situated and 

addressed. 

 

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 in Section 1.2.1. The first problem is concerned with the pre-processing stage, 

which enhances the scanning and capturing of the AC 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 levels in AC and the conflicts they cause in detecting the actual text letters 

is presented in Figure 1-3. In this example, suitable detection methods described by Guerrero 
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(2007), Chen et al. (2011), Gonzalez et al. (2012) and Neumann and Matas (2012) were 

applied to locate the letters in the input image. The result of applying these detection methods 

to the 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 misidentification of the target phrase and affects the accuracy of the results. 

This issue is solved by applying an experimental study of noise removal, conducted by 

calculating the sizes of objects in the image in order to define the optimal size of object that 

should be removed from AC images. Thus, the noise level in the image is reduced before the 

detection process is applied, enabling the reading and detection of letters only. Furthermore, 

since this type of noise has the same size and is located near to the main text, its removal 

should occur with minimal loss of letters or the 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 images is read. With the 

absence of consistent word order in images, it is hard to define the starting points of the 

quotations 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, downward or circular disordering of words (Ekhtiar, 

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 in Figure 1-3 shows an example of the disordering of words. At 

the top, there is an introduction to the quotation, which is then completed in the centre. There 

are different sizes and placements of text in the same image for a single quotation. The order 

of reading is disordered, first in an upward, then in a downward direction. To resolve the 

previous problem, this research is based on reading the letters and then creating a BOL 

feature to represent the letters found in the whole image. This BOL is then used for matching 

with similar quotations in the supporting corpus, using two search methods, one word-based 

and the other letter-based.  

The third problem is the intersecting and intertwining of letters in the text, which creates a 

challenge in segmenting words and defining the text. Furthermore, the degree of intersection 

varies from one calligraphy style to another, affected by the type of scripts used and the 

artistôs style. Figure 1-3 shows a level of text intersection that makes it hard to define and 

segment each word region in the calligraphy image. This research aims to eliminate 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 calligraphy images.  

The fourth problem is missing or misidentified letters in the detection process, since the 

model works based on letter detection to fill the BOL. This is more about checking and 

correcting the BOL to prepare it for the step of matching it 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 letters. This is 

solved by applying checks, through domain-based bigram embedding, of the final BOL after 
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the classification process, and 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 is the lack of 

resources required to enable an approach to processing the main target. Because of the 

different types of resources, this research has required three types of datasets. The first is an 

AC image dataset, needed to test the reading process and the efficiency of the main research. 

Secondly, a dataset of AC letter images is necessary to train and test the learning model to 

enable the recognition of the various styles of AC letters. Finally, we need a corpus of 

quotations containing the text regularly found 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 datasets have been carefully constructed and published (AlSalamah and 

King, 2018). 

These represent all of the challenges that have been tackled during the development of this 

research. Finding the best solutions to each of these challenges is the final target on the way 

to achieving the best performance and results.  

 

1.2.3 Contributions 

The main contribution of this research is the development of an Arabic Calligraphy (AC) 

Optical Character Recognition (OCR) model. This enables the successful transformation of 

AC images into a list of suggested quotations generated 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 collected, generated and published in order to support the 

different approaches adopted 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 different sources 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 contains at least 100 sample images 

for each of the 32 Arabic letter categories (see Chapter 4 ). 

2. The first AC quotations corpus has been created, verified, tested and justified. This 

corpus includes a unique, key component for representing all of its elements in the 

form of bags of letters, which allows for fast matching and letter comparison in the 

search process. The quotations in this corpus are the most frequently used in the 

calligraphy domain, combining those from the Holy Quran and the Sunnah Hadith 

(see Chapter 4 ). 

3. A new letter classifier model for AC has been successfully created, which enables 

the identification of the distinctive shapes of these calligraphic letters. This model 

has been tested with different learning methods and feature descriptors to select the 

best performance in the case of calligraphy letters (see Chapter 5 ). 

4. This research has followed a new approach in order to achieve accurate detection 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 methods to compare 

which performs best in the case of intersecting letters. Secondly, a BOL feature 

represents the letters found in the image. This BOL 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 (see Chapter 6 ). 

5. A completely new AC recognition model has been successfully created. This model 

has been tested in reading the various types of AC images. The final model is a result 

of the comparison of different methods for the different steps in order to select the 
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best end-to-end approach to enable the correct mapping from the input image to the 

quoted text (see Chapter 6 ). 

These contributions have resulted in the following publications:  

- AlSalamah, S. and King, R. (2017) óArabic Calligraphy Text Recognitionô, 

Advances in Data Science Conference 2017, Manchester (Poster Presentation). 

 

- AlSalamah, S. and King, R. (2018) óTowards the Machine Reading of Arabic 

Calligraphy: A Letters Dataset and Corresponding Corpus of Textô, 2nd IEEE 

International Workshop on Arabic and Derived Script Analysis and Recognition, 

ASAR 2018, pp. 19-23.  

 

- AlSalamah, S., Batista-Navarro, R. and King, R. D. (2019) óUsing Prior Knowledge 

to Facilitate Computational Reading of Arabic Calligraphyô, in Yin, H. et al. (eds.) 

Intelligent Data Engineering and Automated Learning -- IDEAL 2019. Cham: 

Springer International Publishing, pp. 293-304.  

 

 

1.3 THESIS STRUCTURE  

This chapter has presented a brief introduction and background, along with a description of 

the motivations 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 general, with a focus 

on the Arabic language. It introduces 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 

characteristic features of each calligraphy style. This is followed by an outline of the 

challenges in functionalising these calligraphy styles in the different methods of data 
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processing. The chapter finishes by identifying related work conducted in the Arabic 

calligraphy domain.     

Chapter 3 introduces the primary approach in 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 detail. The main phases represented 

in the chapter are image pre-processing, text extraction and quotation matching. In each of 

these phases, several methods have been applied to enhance the results and to compare 

different techniques in order to identify which is most suited to the case of 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 description of the collection and generation processes for 

the different image and text datasets is presented, in addition to the indexing operation for 

the corpus and the ground truth annotation details for the datasets. Statistical analysis was 

also conducted to review the different specifications of the collected corpus. Finally, the 

critical features of the datasets and corpus are described, and their potential usability is 

defined. 

Chapter 5 presents an experimental study of the construction of the AC letter classifier. This 

starts with a preview of data preparation and the different feature descriptors for the letter 

image dataset generated in Chapter 4 . It then presents the experimental results from 

comparing the best learning model with feature 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 study is carried out to examine the validity of the BOL indexing method of 

finding target quotations. 
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Chapter 6 describes the principal experimental approach to the computational reading of 

AC images. A pilot experiment initiates this with a small sample of images 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 and explained, while, after the required settings 

are settled, the main experiment tests 388 various AC images from the dataset collected in 

Chapter 4 . The final results of the computational reading of the AC images are presented 

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

Chapter 7 presents the conclusions from the research, directions for future work and closing 

remarks on the thesis in general. This is combined with a discussion of the objectives and 

research questions, and how these are answered throughout the research study by the 

experimental results. There then follows suggestions for future work implied by 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 found for AC styles.  

Furthermore, the challenges implied by this language for the design and development of 

applications are discussed. The main focus of this research and the review presented here 

centres on offline AC text recognition.  

OCR is the process of reading text from a source and then saving it separately onto a 

computer. This digitisation process of different types of input can be used for any text format 

and language (Bag 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 required application.  

A survey study is introduced in this chapter, focusing 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 and the advancement of this field across 

time up until its present achievements. The early development of OCR and the different 

topics that have been studied and included within the field are discussed 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 a computer by a 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 to the early 1870s but, while OCR predates computers, work on 

OCR intensified, both in industrial and research settings, with the advent of computers in the 

mid-1940s. The first OCR model appeared in 1900 with the Russian scientist, Tyurinôs, 

successful attempt to aid the visually handicapped (Govindan and Shivaprasad, 1990). The 

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

light detecting photocells were used as the basic method to recognise patterns on paper or 

card (Wakahara and Kimura, 1999). In the mid-1940s, extensive work was published by 

researchers on character recognition, which became an active field (Trier, 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 enabling the 

manipulation of scanned images to become searchable documents (Singh, Bacchuwar and 

Bhasin, 2012). In the 1980s, there was a rise in enhanced 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, 1995). The motivation for these OCR applications 

at that time was the need to digitise and process government, banking and health records, 

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

(Alginahi, 2013).  

 

2.1.1.2 Research Topics Related to OCR 

OCR applications vary in terms of the topics and areas in which they can be employed. The 

usage of OCR applications and their relationship to the main areas of computer science are 

described below. 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 mind (Russell and Norvig, 2016). The process by 

which OCR applications enable computers to recognise, sort and process text in documents 

is an artificial intelligence approach (Pal and Chaudhuri, 2004).  

Machine learning: This employs algorithms that are designed and developed to enable 

computers to learn from data in order to facilitate different processes of manipulation 

(Sebastiani, 2002). Feature engineering is an example of the machine learning methodology 

in which discriminative information is extracted from data and organised (Bengio, Courville 

and Vincent, 2013).  

Computer vision: This enables the understanding, analysis and enhancement of images by 

computers. In these and other image-related methods, it is essential to employ the image 

information electronically, allowing it to be manipulated by computers (Klette, 2014). The 
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image pre-processing stage of OCR applications to enable enhanced identification of the text 

is one of the leading computer vision methodologies (Wäldchen and Mäder, 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). Iris, 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 identification models. Moreover, text is one of richest 

domains as it include many types of patterns to be analysed. These patterns vary in terms of 

the required information, for example letters, words, bigrams and more (Ye and Doermann, 

2015). 

Natural language processing (NLP): This field overlaps with computational linguistics, a 

domain in which computers can process and analyse large amounts of natural language data 

(Hirschberg and Manning, 2015). The 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 the most robust 

computer science methodologies in different fields to enable images to be correctly 

transformed into text for analysis and extraction of information.  

 

2.1.2 Types of Readable Information 

OCR has been used widely for different types of information, mainly categorised as 

handwritten or machine-printed text. Figure 2-1 shows the types of readable information that 

have been used and experimented with in computational reading research over many years 

up until the present. The machine-printed type is more constant and straight forward, 

focusing on single- or multiple-font recognition at the same time. More challenging is 



  

40 

 

handwritten text, which has options for online or offline text manipulation. These different 

types of information are specified before the development of the preferred OCR application, 

since they vary in terms of data handling process according to the type selected (Khedher 

and Abandah, 2002; Lorigo and Govindaraju, 2006).  

 

 
Figure 2-1: Types of readable information that have been used and experimented with in the computational domain. 

 

2.1.2.1 Handwritten versus Machine-Printed Text 

Handwritten text reflects a writer-dependent style and language format. It is more 

complicated than any other type of text in terms of handling by OCR applications, especially 

for cursive-based languages. Moreover, the detection of the baseline is required, and the 

distances between letters and between words are non-uniform. This needs complicated 

algorithms for detection and segmentation. Handwritten letters are varied in their shapes and 

sizes, all of which needs to be handled to enable them to be read in the identification process. 

For these challenges, many algorithms are used in the pre-processing and post-processing 

stages to help support the prediction of the possible text (Amin, 1998; Kumar, 2014; 

Bhowmik et al., 2018). On the other hand, machine-printed text is represented through the 
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recognition and reading of text created by a typewriter or computer printer. This type of text 

is more consistent than handwritten text and has a stable baseline and spacing between words 

and letters, which have fixed size and shape (Vuļkoviĺ and Arizanoviĺ, 2017). This type of 

text is recognised with highly accurate results, especially for the non-cursive languages 

(Hamad and Kaya, 2016). Furthermore, in some cases, the model can successfully read text 

without the use of complicated algorithms and segmentation processes (Konidaris, Kesidis 

and Gatos, 2016). 

 

2.1.2.2  Online versus Offline Identification 

The data processing time, when it is indicated or produced, may relate to online or offline 

recognition. Online character identification is carried out to read text in real time, as opposed 

to handling it directly from a text input device connected to a computer. At the same time, 

when the user is writing, the process of recognition includes saving the text with its printing 

features. Example of such features are stroke size, the direction of writing and specification 

of the collected text. This category focuses on many elements in the development that enable 

capture of the writing directly by using additional software to interrupt the movements of 

the writing; moreover, it is susceptible to text direction and pen specifications (Bhattacharya 

et al., 2017; Keysers et al., 2017; Chaithra and Indira, 2018). Examples of real-time input 

collecting devices include smartphones, tablet PCs and any tablet board connected to the 

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 scanner, and 

captured and saved as text images (Arica and Yarman-Vural, 2002). These types of input 

can be machine-printed or handwritten text. They represent the challenges of language with 

added challenges in terms of the handwriting style. This is more complicated and recognition 
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rates for such text are low (Singh, Bacchuwar and Bhasin, 2012; Zagoris et al., 2014; Cheng 

and Han, 2016).  

 

2.1.2.3 Variations Based on Languages 

The language style is one of the main components that directly affects the accurate 

recognition of text by OCR applications. Categorising languages in terms of the location of 

those that are commonly used and experimented with in research has resulted in four main 

groups. These are the Latin-, Far Eastern-, South East Asian- and Middle East-based 

languages (Govindan and Shivaprasad, 1990). Each 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 Latin letters. These letters are simple in 

structure, mainly composed of a few lines and arcs (Ghosh, 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 5,000 letters, with complicated shapes. OCR 

commonly uses two levels to classify these letters; the first level to group them as 

representing a single character, and the second to classify the character (Zhou et al., 2013). 

The South East Asian languages include the Indian, Tamil, Nepali and Thai languages. 

Different sets of sample letters represent this language category, regularly being represented 

by more than 250 complex shapes (Shanthi and Duraiswamy, 2010; Surinta et al., 2015; 

Bhattacharya et al., 2017). The pattern matching method has been used regularly to resolve 

the issue of complex character shapes (Bag 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 East (Abd and Paschos, 2007). Arabic, Persian 

and Kurdish 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 algorithms are typically used 

for recognition (Doermann and Tombre, 2014). 

2.2  THE ARABIC LANGUAGE AND CALLIGRAPHY  

This section provides an overview of the written Arabic language and calligraphic style 

specifications. In addition, it discusses the problems and the challenges of calligraphy style 

that have minimised the use of this field in the research area.  

 

2.2.1  Arabic Language Specifications 

Arabic is ranked fifth among the worldôs languages according to the number of native 

speakers recorded, with more than 295 million native speakers around the world (Roy, 

2019). It arose between the first and fourth centuries and is defined as a Semitic language. 

The name Arabic comes from óArabô, a name describing the people living in the area 

confined by Mesopotamia in the east and the Anti-Lebanon Mountains in the west, in north-

western Arabia and the Sinai Peninsula (Al -Jallad, 2013). The Arabic language consists of 

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

case letter distinction in Arabic; it has only one case (Shaalan, 2010). The letters in a word 

are connected by the wordôs baseline as well as by the cursive style of the letters. Figure 2-2 

shows this baseline connection of letters in the writing of the two words óArabic languageô 

in a machine-printed format.  

 

 
Figure 2-2: The two words, óArabic languageô, written in machine font to show the 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). Table 2-1 shows the 28 main Arabic letters, the shapes of which differ 

according to the position of the letter within the word. The six letters, м Ͼ ϼ Ϻ ϸ Ϝ, segment the 

word into parts and do not join to other letters like the rest. They lack connecting shapes at 

the initial or middle locations in words. From Table 2-1, the three letters, ain, ghain and hah 

(̮к ,М ,И), have four different shapes according to their locations in the word. Each of these 

shapes is represented with a different glyph of the letter. Meanwhile, the rest of the Arabic 

letters have two different shapes representing the various forms, especially at the point of 

connection. Furthermore, from Table 2-1, the width of Arabic letters is variable. For 

example, the letters, Ј ,Ϝ, have no constant size or fixed width and height, and there are 

cursive styles above and below the baseline, which differ from one letter to another.  

 
Table 2-1: The 28 main Arabic Letters and their shapes according to their location in a word. 

English Name Arabic Letter Isolated Start Middle End 

Alef Ϝ Ϝ 
  

ϝ̮ 

Beh Ϟ Ϟ ̮Ϡ ̮ϡ̮ ϟ ̮

Teeh Ϥ Ϥ ̮Ϧ ̮ϧ̮ ϥ ̮

Theh Ϩ Ϩ ̮Ϫ ̮ϫ̮ ϩ ̮

Jeem Ϭ Ϭ ̮Ϯ ̮ϯ̮ ϭ̮ 

Heh ϰ ϰ ̮ϲ ̮ϳ̮ ϱ̮ 

Khaa ϴ ϴ ̮϶ Ϸ̮ ̮ ϵ̮ 

Dal ϸ ϸ 
  

Ϲ̮ 

Thal Ϻ Ϻ 
  

ϻ̮ 

Reh ϼ ϼ 
  

Ͻ̮ 

Zain Ͼ Ͼ 
  

Ͽ̮ 

Seen Ѐ Ѐ ̮Ђ ̮Ѓ̮ Ё ̮

Sheen Є Є ̮І ̮Ї̮ Ѕ ̮

Sad Ј Ј ̮Њ ̮Ћ̮ Љ  ̮

Dad Ќ Ќ ̮Ў ̮Џ̮ Ѝ  ̮

Tah А А ̮А ̮Г̮ Б ̮

Dtha Д Д ̮Д ̮З̮ Е ̮

Ain И И ̮К ̮Л̮ Й̮ 

Ghain М М ̮О ̮П̮ Н̮ 

Feh Р Р ̮Т ̮У̮ С ̮

Qaf Ф Ф ̮Ц ̮Ч̮ Х ̮

Kaf Ш Ш ̮Ъ ̮Ы̮ Щ ̮
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Lam Ь Ь ̮Ю ̮Я̮ Э̮ 

Meem а а ̮в ̮г̮ б̮ 

Noon д д ̮ж ̮з̮ е̮ 

Hah и и ̮к ̮л̮ й̮ 

Waw м м 
  

н̮ 

Yah р р ̮т ̮у̮ с ̮

 

Arabic letters commonly share the same letter body shapes but differentiate between them 

by dots above or below the shape and by the number of dots. There are 19 ñjoining groupsò 

(Yousfi, Berrani and Garcia, 2015). These groups share similar shapes and differ only due 

to the dots, so that one group can be represented by one letter. For example, Ϩ Ϥ Ϟ are in 

the same joining group, differentiated by the dots only, and represented by the letter Ϟ. Table 

2-2 shows the 19 joining groups with their representative letters, together with the different 

letters in the group differentiated 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 (teeh-m). Hamza 

represents the glottal stop, and has an important role in Arabic spelling. Teeh-m represents 

feminine words, and is important in Arabic grammar and the lexicon. 

 

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

Semantic Name Joining Group Group letters 

Alef Ϝ ϐ ϖ ϒ Ϝ 

Beh Ϟ Ϩ Ϥ Ϟ 

Heh ϰ ϴ Ϭ ϰ 

Dal ϸ Ϻ ϸ 

Reh ϼ Ͼ ϼ 

Seen Ѐ  ЀЄ  

Sad Ј Ќ Ј 

Tah А Д А 

Ain И М И 

Feh Р Р 

Qaf Ф Ф 
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Kaf Ш Ш 

Lam Ь Ь 

Meem а а 

Noon д д 

Hah ̮к ̮к 

Waw м ϔ м 

Yeh о Ϙ р о 

Teeh-marbutah и и Ϣ 

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 the letters Ϝ and 

Ь, they are represented by the glyph ъ (Menasri et al., 2007). Additionally, the writing of 

Arabic uses diacritical marks above and below the letters, which is referred to as óHarakatô. 

These diacritics are used mainly to help in pronouncing the words and in indicating their 

meaning (Gutub et al., 2008). The marks are grouped according to their purpose; the first 

group is related to pronunciation, with each mark representing a meaning. The diacritics 

fatha ( ), dumma ( ) and kesra ( ) indicate short vowels, while sukkun ( ) indicates a 

syllable stop. These are normally omitted from handwriting as their purpose can be easily 

identified in reading without the marks being written, but this is not the case for a beginner 

in the reading of Arabic (Lorigo and Govindaraju, 2006). Figure 2-3 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. Examples are shadda ( ), madda (

) and hamza ( )̭ that are used above or below letters, but not in isolated examples (ϖ). These 

marks are not optional and should be present in all writing styles since they affect a wordôs 

pronunciation and meaning (Tagougui, Kherallah and Alimi, 2013). For example, in writing 

the name of God, , shadda marks are always present above the letter lam. 
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Figure 2-3: Diacritic marks used in the Arabic language. 

 

An Arabic word may consist of one or more sub-words. The joining letters come from a 

group of six letters, м Ͼ ϼ Ϻ ϸ Ϝ, in addition to the letter, teeh-marbutah ñϢò, which is joined 

from the right side only, and hamza, which is not a joining letter. These letters split words 

into parts, or disconnected sub-words, called pieces of Arabic words (PAWs) (AbdelRaouf 

et al., 2016). An example is shown in Figure 2-4: The different word components resulting 

from splitting based on the joining letters: a) the name óMohammedô written as a single 

word; b) the word óArabicô is disconnected from the letter reh and divided into two sub-

words; c) the word óreadô in Arabic represented as three sub-words resulting from the 

disconnection of the joining letter. 

 

 

 
Figure 2-4: The different word components resulting from splitting based on the joining letters: a) the name 

óMohammedô written as a single word; b) the word óArabicô is disconnected from the letter reh and divided into two sub-

words; c) the word óreadô in Arabic represented as three sub-words resulting from the disconnection of the joining letter. 

 

 

Arabic letters are differentiated by the dots placed above or below the baseline. Moreover, 

the number of dots affects the letters, giving them a different meaning and pronunciation, 

for example, the letters Ϩ Ϥ, (Khorsheed, 2002). Table 2-3 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 Arabic letters have dots, of which 12 letters have dots above the baseline, and three 

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. 

 

Table 2-3: Arabic letter distinctions in terms of dots.  

Description Arabic Letters 

dots above the baseline д Ф Р М Д Ќ Є Ͼ Ϻ ϴ Ϩ Ϥ 

dots below the baseline р Ϭ Ϟ 

one dot letters д Р М Д Ќ Ͼ Ϻ Ϭ Ϟ 

two dot letters р Ф Ϥ 

three dot letters Є Ϩ 

 

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 art in Arabic Islamic culture. It is about the 

geometry of Arabic writing established from the geometric style of Arabic letters (Osweis, 

2002). This art form started with the beginning of writing in the Arabic language. It has 

survived up until the present and is known all over the world. It has been used to decorate 

architecture, to visualise representations of the Holy Quran and is found in historical 

documents (Alnajdi, 2001). The establishment of AC began with the writing of the Holy 

Quran in the early centuries of Islam. All of the calligraphy styles are handwriting-based, 

with writers striving to produce perfect manuscripts that have survived many years (Tabbaa, 

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

introduced and used later on (Diringer and Regensburger, 1968). 

Kufic script was derived from Kufa in Iraq in the 7th century and started as inscriptions on 

stone and metal (Stermotich Cappellari, 2018). This style is square, bold and characterised 

by sharp edges and straight vertical and horizontal lines meeting at 90-degree angles. 
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Development from the main style produced a variety of text shapes, including floral, foliated, 

plaited or interlaced, and square Kufic (Kampman, 2011; Jazayeri, Michelli and Abulhab, 

2017). With these decorative characteristics, this style became the style for copying the Holy 

Quran in the 12th century for decorative, architectural and Islamic identification purposes 

(Flury, 1922). There were no rules or standardisation in the Kufic scripts to define the 

features of the drawing of the letters. This style differs among artists, but the use of angular 

and linear letter shapes is common (Mohamed and Youssef, 2014). Figure 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 late 10th or 11th century using Kufic 

script (Déroche, 1989; Ghouchani, 1992; Flood and Necipoĵlu, 2017).  

 

 

Figure 2-5: Page of the Quran in Kufic script on vellum from the 9th century A.D, North Africa. 
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Figure 2-6: Kufic script decorating a ceramic bowl: white slip with polychrome slip decoration under a transparent 

glaze. The decorative Arabic text translates as: ñForbearance is at first bitter to the taste, but in the end sweeter than 

honey. Blessing.ò Iran, Nishapur, 10th-11th century. This piece of art is from the Metropolitan Museum of Art, New 

York, Roger Fund 1956, acc. no. 56.44. Dimensions: height 11.1 cm, diameter 37.5cm. (Keene, 1981)  

 

With the rise and 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 paper (Alshahrani, 2008). This became the standard 

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

by the name of this style in Arabic, which means ócopyingô (Ahmad, 2013). This style 

contrasts with the Kufic scripts in its more straightforward structure and in drawing words 

in circular shapes intertwined with each other (Ekhtiar, 2018). Some of the Arabic sources 

identify that ñNaskhiò was created by Ibn Muqla (886-940 A.D.) and his student, Ibn al-

Bawwab (died 1022 A.D.) (Alnajdi, 2001). However, the main point agreed by all of the 

sources is that Ibn Muqla established and standardised geometric systematisation rules of 

calligraphy according to Euclidean theory (Tabbaa, 1999; Roxburgh, 2003; Alshahrani, 

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

using standard letter alef that is fixed at five or seven rhombic dots in length. Also, a standard 
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circle with a diameter equal to the length of alef is used in drawing wider or longer letters 

(Safadi, 1979; Khazaie, 2002). Figure 2-7 shows an example of writing measures using Ibn 

Muqlaôs alef and circle methods for drawing the letters alef, lam, sad, seen, ain and dal.  

 

 

Figure 2-7: Ibn Muqlaôs (886-940 A.D.) method of calligraphy standardisation in writing the letters alef, lam, seen, sad, 

dal and ain (Safadi, 1979). 

 

From the basis of these calligraphy rules, other successful variations of the Naskh script have 

been produced. All of these cursive scripts are called, under the rules of Ibn Muqla, al-aqlam 

al-sittah (ósix pensô in Arabic). These scripts are Naskh, Thuluth, Muhaqqaq, Rayhani, Riqa 

and Tawqi (Safadi, 1979; Kampman, 2011; Ekhtiar, 2018). Figure 2-8 shows the differences 

between these scripts in the writing of the ñBasmallah phraseò, the Islamic phrase ñIn the 

name of God, the Most Gracious, the Most Mercifulò. The scripts are similar in a general 

view, as they all apply the same rules; however, they are different in terms of their levels of 

cursiveness and the shapes of the letters themselves. Thuluth is characterised by curved, 
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intersecting letters and pointed letter-heads, and is commonly used as a decorative script for 

headings and titles. Muhaqqaq is the most angular of the al-aqlam al-sittah scripts, 

combining the characteristics of the Thuluth and Naskh scripts together. It gives a rugged 

script with smooth outlines and soft curves. Rayhani is a smaller version of Muhaqqaq, 

displaying pointed letters and similar final proportions. Tawqi is the most rounded of the al-

aqlam al-sittah scripts, with similar proportions of straight and curved segments. It is 

characterised by the use of marked ligatures that connect the final letter of one word to the 

initial letter of the following word. Riqa shares similar proportions to Twaqi with a more 

natural formation of straight lines. Its specifications enable it to be read clearly and smoothly 

so that it has been used in all documentation processes from 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).  



  

53 

 

 

Figure 2-8: The six pens (al-aqlam al-sittah) scripts compared in writing the Basmallah (the phrase, ñIn the name of God, 

the Compassionate, the Mercifulò).  

 

Other than these six styles, there have been other styles produced during the spread of Islam 

around different regions. From the vast geographical areas covered by Islam, many unique 

styles have developed from regional styles (Schimmel and Rivolta, 1992). Among the well-

known styles that have spread all over the world are Diwani, produced by early Ottoman 

Turks, and Taliq and Nastaliq, developed by the Persians (Naz et al., 2013; Ekhtiar, 2018). 

Figure 2-9 shows the differences between these scripts in writing the Basmallah in Arabic.  
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Figure 2-9: Regional calligraphy scripts and their differences in the writing of the Basmallah, translated as ñIn the name 

of God, Most Gracious, and Most Mercifulò. 

 

Diwani is a cursive style of Arabic calligraphy first used in the 16th and early 17th centuries 

by Housam Roumi (Safadi, 1979). It is characterised by the narrow spacing between letters 

and extra decorative lines ascending from right to left. There are two Diwani styles, the 

simple or Riqa Diwani style, and the more complicated Diwani Jali style (Osborn, 2009). 

The Jali script is an ornamental one developed by Hafiz Uthman with extra specialised 

intertwining letters 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 confidentiality and to prevent copying (Kampman, 2011). Figure 2-10 

shows the differences between the Diwani and Diwani Jali styles in writing the same 

sentence in Arabic. The Jali 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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Figure 2-10: The difference between the Diwani and Diwani Jali scripts in writing ñnor wound is deathly from painò in 

Arabic, showing the greater decoration and complication of the Jali style. 

 

The Taliq style was initiated in the 10th century, derived from the Riqa style. It is 

characterised by 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 language and in 

the royal familyôs daily correspondence at that time (Alshahrani, 2008; George, 2010). 

Mixing of the Taliq scripts and the Naskh style then brought about the Nastaliq style in the 

14th century. This combines exaggerated rounded letter forms 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 Quran (Alnajdi, 2001; 

Kampman, 2011). Figure 2-11 shows a Persian calligraphy folio from an unidentified album 

signed by the artist, Mir Ali Haravi (d. ca.1550) (Roxburgh, 2001). This work is from 

Uzbekistan during the Shaybanid period, ca.1530ï40; it was later in the Borders region of 

India during the Mughal period, ca. 1630ï60. Its source is the Freer Gallery of Art, 

F1939.50b (Sackler, 2015). This piece of art shows the beauty of writing from previous 

centuries, featuring a combination of the main text with smaller texts placed as decoration 

around it. In addition, there is a flower background printed separately to present the 

calligraphy piece.  
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Figure 2-11: Nastaliq calligraphy in ink, opaque watercolour and gold on paper by Mir Ali Haravi (d. ca. 1550). 

Uzbekistan, Shaybanid period, ca. 1530ï40; Borders, India, Mughal period, ca. 1630ï60; sourced from Freer Gallery of 

Art, F1939.50b (Sackler, 2015). 

 

An additional regional script that is not widely known is the Sini style that was introduced 

in the Chinese Islamic region. Chinese Muslims incorporated their own designs from the 

Arabic language at the end of the 14th century to copy the Holy Quran and for architectural 

decoration (Green, 2016). This involved writing the Arabic text in the Chinese cursive style 

and was characterised by thick, rounded flowing scripts with tapered effects, similar to 

Chinese calligraphy (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 like in a Chinese than an Arabic script (Islamic 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 Mosque (Islamic Calligraphy in 

China, 2006). 

 

Other styles of calligraphy have been introduced via their special employment in signatures, 

decoration and artistic goals. Tughra is one of these styles, which was used by the Ottoman 

sultans in their signatures. Each sultan had his own Tughra signature that was printed in all 

official documents and stamped on coins issued during his reign (Dimand, 1944). In 

addition, some of these Tughra signatures were carved on the mosques and other buildings 

built under a sultanôs reign (Marks, 2011). Figure 2-13 shows the masterpiece Tughra 

signature associated with Sultan Süleiman the Magnificent (r.1520-66), the greatest sultan 

of the Ottoman Empire (Ekhtiar et al., 2012; Khairallah, 2011).  

 

Figure 2-13: Tughra signature of Sultan Süleiman the Magnificent (r. 1520-66) (Dimand, 1944), attributed to 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 59.7cm) (Keene, 1981; Ekhtiar et al., 2012). 

 



  

58 

 

Another style used for decorative purposes is zoomorphic calligraphy. This style involves 

the structuring and manipulating of the calligraphic text into specific shapes of humans, 

birds, animals or any other object (Flood and Necipoĵlu, 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 of calligraphy is found in different 

shapes drawn as pieces of art or used to shape wood to represent text decoratively.  

 

 

Figure 2-14: Zoomorphic calligraphy in the shape of a horse; the text drawn translates as: "If there Exists a Home 

Devoid of Books, then it is a Home Devoid of Soul" (Seirafi, 2013). 

 

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

of more modern styles and scripts. Calligraphers have created these new scripts by 

combining their unique ways of drawing with their application of the traditional scripts. This 

has generated a variety of scripts that specify unique treatments of a particular style. All of 

these scripts, in addition to the modern scripts created, have been used up until now in the 

architecture of Islamic buildings, in artistsô paintings, graphic design and even in presenting 

logos. Figure 2-15 shows an example of the use of traditional Arabic calligraphy scripts in 

presenting a logo of modern design (Alkharoubi, 2013). This logo was designed for an 

óequestrian cityô in the Arabian Gulf area, with the text presenting the words óequestrian 
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cityô, in Arabic, in the form of a horseôs head. This piece of calligraphy, used as the logo, 

mixes four different calligraphy styles into one. Only two words are drawn, along with a 

combination of marks and decoration that have been used to form the horseôs head. The first 

word mixes the Diwani scripts at the beginning, and the rest of the word is completed in the 

Thuluth style. Meanwhile, the second word combines the Naskh style with the Riqa 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 with the variation being introduced through more 

and more modern and stylish types of script. 

 

 

Figure 2-15: Logo design for an óequestrian cityô in the Arabian Gulf area. The text presents óequestrian cityô in Arabic, 

in the form of a horseôs head. It is an example of the manipulation of different traditional scripts to represent a modern 

logo design (Alkharoubi, 2013). 

 

2.2.3 Challenges in Recognising Arabic Text Especially in Calligraphy 

The Arabic language is complicated and has several specifications that are hardly ever 

employed in automatic recognition. Letters are cursive and connected, not separated, as in 

the case of Latin script (Kanoun et al., 2002). In addition, the letters are represented as 

different shapes according to their positions in words and do not have a constant shape as in 
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Chinese scripts (Fan, Wang and Tu, 1998). One of the big challenges, especially in 

calligraphy, is the different ways of representing the same text in the various styles. 

Furthermore, within these styles, there are many shapes and substyles related to the main 

scripts. As shown in Figure 2-16, the Basmallah text written in the different Kufic styles 

results in various representations of the same quotation. All of these representations come 

under one category, the Kufic style, but with a variety of ways of representing the text and 

drawing additional cursive edges in a complicated style. Furthermore, square Kufic is an 

additional level of complication in which the text is represented in square shapes, 

transferring it from the original baseline connection.  

 

 
Figure 2-16: Different Kufic styles used in writing the Arabic text in the Basmallah, with different representations of the 

text from the same quotation. 

 

In the calligraphy domain, every writer or artist has their own individual style. Moreover, 

some artists try to create their own lines of style that present their work uniquely, to simply 

distinguish them from other artistsô work. Generally, text in the calligraphy domain is not 

uniformly spaced, and the lines are more cursive and shaped to flow in different directions. 

Additionally, there is an interweaving of both letters and words, more than in the original 






































































































































































































































































































