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Abstract - The automatic recognition of text on scanned 
images has several applications such as automatic postal 
mail sorting and searching in large volume of documents. 
Although Arabic handwritten text recognition has been 
addressed by many researchers, it remains a challenging 
task due to several factors. This paper presents an 
overview of off-line handwritten Arabic character 
recognition and summarizes the main technical challenges 
and characteristics of Arabic. It also investigates the 
relevant existing research carried out towards this 
perspective. 
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1. Introduction 

Handwritten character recognition is the ability of 
computers to convert human writing into text either on-line 
or off-line. On-line recognition is performed by writing 
directly to a peripheral input device such as a personal 
digital assistant (PDA) and a cellular phone. Off-line 
recognition, also called optical character recognition 
(OCR), is the ability of computers to convert human 
writing into text by scanning. The early attempts in the area 
of Latin character recognition were made in the middle of 
the 1940s with the development of digital computers. One 
of the early attempts in Chinese character recognition was 
made in 1966. However, the first publication of Arabic text 
recognition was in 1975 [1]. 

Some research effort has been done on surveying 
handwritten Arabic character recognition. Amara and 
Bouslama [2] presented a review of the classification 
techniques used in the optical character recognition of 
Arabic script. Lorigo and Venu Govindaraju [3] reviewed 
off-line handwritten Arabic character recognition methods. 
Beg et al. [4] presented the current OCR products and 
reviewed the work done in the hardware domain of Arabic 
OCR. Harous and Elnagar [5] presented handwritten 
character-based parallel thinning Algorithms. AL-
Shatnawi and Omar [6] reviewed the various Arabic 
baseline detection methods. Alginahi [7] surveyed Arabic 
character segmentation methods. Al-Shatnawi et al. [8]
evaluated and compared skeleton Arabic character 
extraction methods. This paper reviews the main stages of 
handwritten Arabic OCR systems, presents the major 
technical challenges of these systems, and provides a 
comprehensive review of the research done in this field.  

1 Ground truth refers to assigning correct symbolic text to images which 
will be used for learning. 

The remainder of this paper is organized as follows. 
The next section addresses the main technical challenges 
in the field of Arabic handwritten character recognition. 
Section 3 presents the main characteristics of Arabic 
writing. Section 4 briefly describes the five stages of 
Arabic character recognition. Arabic baseline detecting 
methods and approaches are presented in section 5. 
Section 6 focuses on the major classification techniques 
and approaches that are used in Arabic OCR. The use of 
synthetic data in Arabic handwritten OCR systems is 
illustrated in section 7, and concluding remarks are 
presented in Section 8. 

2. Technical Challenges of 
Handwritten Arabic Character 
Recognition 

Although the latest improvements in Arabic character 
recognition methods and systems are very promising, the 
automatic recognition of Arabic handwritten characters 
remains a challenging task due to many factors that are 
summarized as follows. The first factor is the lack of 
sufficient support in terms of funding, books, journals, 
and conferences at all levels including governments and 
research institutions, and the lack of interaction between 
researchers of this field [1]. Secondly, the lack of enough 
Arabic digital dictionaries and programming tools, and 
the absence of large public databases of Arabic 
handwritten characters and words when compared to 
English where large databases such as CEDAR [9] have 
been publicly available for a long time. The lack of large 
Arabic databases is, in part, due to the difficult, time 
consuming, and error prone process of generating ground 
truth1 for Arabic on the character level [10, 11]. Thirdly, 
the start of Arabic character recognition is very late 
compared to other languages such as Latin and Chinese. 
In addition to that, the unique characteristics of Arabic 
writing can be considered as a great challenge. The next 
section presents some of these characteristics. 

3. Main Characteristics of Arabic 
Writing 

 Arabic is a native language for more than 250 million 
people. It is the third largest international language used 
by over one billion Muslims in their different religious 
activities. In addition to the Arabic language, there are 
several languages that use the Arabic alphabet, such as 
Urdu, Farsi (Persian), Pashto, Jawi, and Kurdish. The 
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Arabic text is written from right to left and is always 
cursive in both machine printed and handwritten text [12].  

The Arabic alphabet set is composed of 28 basic letters 
which consist of strokes and dots. Dots, above and below 
the characters, play a major role in distinguishing some 
characters that differ only by the number or location of dots 
e.g. Ba (ب), Ta (ت), and Noon (ن). 

Table 1. Different shapes of Arabic letters. 

Character Isolated Beginning Middle End
Alef ا ـا
Ba ب بـ ـبـ ـب
Ta ت تـ ـتـ ـت
Tha ث ثـ ـثـ ـث
Jeem ج جـ ـجـ ـج
Ha’ ح حـ ـحـ ـح
Kha خ خـ ـخـ ـخ
Dal د ـد
Thal ذ ـذ
Ra ر ـر
Zy ز ـز
Seen س سـ ـسـ ـس
Sheen ش شـ ـشـ ـش
Sad ص صـ ـصـ ـص
Dhad ض ضـ ـضـ ـض
Tah ط طـ ـطـ ـط
Dha ظ ظـ ـظـ ـظ
Ain ع عـ ـعـ ـع
Ghain غ غـ ـغـ ـغ
Fa ف فـ ـفـ ـف
Qaf ق قـ ـقـ ـق
Kaf ك كـ ـكـ ـك
Lam ل لـ ـلـ ـل
Meem م مـ ـمـ ـم
Noon ن نـ ـنـ ـن
Ha ه ھـ ـھـ ـھ
Waw و ـو
Ya ي یـ ـیـ ـي

Table 2. Numerals that are commonly used in Arabic writing. 

Arabic Indian
0 ٠
1 ١
2 ٢
3 ٣
4 ٤
5 ٥
6 ٦
7 ٧
8 ٨
9 ٩

Figure 1. A sample of handwritten Arabic showing some of its 
characteristics [1]. 

The shape of an Arabic letter changes according to its 
location in the word, as shown in Table 1. For each 
character, there can be two to four different shapes: 
isolated, connected from the left (beginning of a word), 
connected from the left and right (middle of a word), and 
connected from the right (end of a word). Out of the 28 
basic Arabic letters, six can be connected from the right 
side only while the other 22 can be connected from both 
sides. These six characters are: Alef (ا), Dal (د), Thal (ذ), 
Ra (ر), Zy (ز), and Waw (و) .These six characters have 
only two shapes, the isolated shape and the end shape, 
whereas the rest of the alphabets can appears in any of the 
four shapes mentioned above [13]. Consequently, each 
word may form one or more sub-words, where a sub-word 
is one or several connected characters, for example 
فى تش ,مس بات and ,نور  ,Moreover, in certain fonts .مناس
several characters can be vertically combined to form a 
ligature, especially in typeset and handwritten text. 
Ligatures can be formed out of two, three, or four 
characters [2]. Characters in a word may also vertically 
overlap without touching. Figure 1 presents some of these 
characteristics.

The use of special stress marks called diacritics is 
another distinguishing characteristic of Arabic. Diacritics 
such as Fat-ha (  َ◌ ), Dhammah (  ُ◌ ), Shaddah (  ّ◌ ),  
Maddah (~),  Sukun (  ◌ْ), and Kasrah (  ِ◌ ) may change 
the pronunciation and the meaning of the word. The 
diacritics significantly affect the OCR performance [6,
14].

There are nine Arabic letters; Sad (ص), Dhad (ض), Tah 
 and Waw ,(ه) Ha ,(م) Meem ,(ق) Qaf ,(ف) Fa ,(ظ) Dha ,(ط)
 that have closed loops. This makes the closed loop an  (و)
important feature in recognizing Arabic characters. One 
of the important characteristics of Arabic text is the 
presence of a baseline which is an imaginary horizontal 
line running through the connected portions of the text. If 
the script is handwritten, the baseline is not straight, and 
may only be estimated. Another feature of Arabic 
characters is that they do not have a fixed width or size, 
even in printed from. The character size varies according 
to its shape which is, in turn, a function of its position in 
the word.

In addition to the 28 characters, Arabic has additional 
non basic characters such as Hamzah (ء) and Ta marboota 
 or ,(ؤ) on Waw ,(أ) Hamzah can be isolated, on Alef .(ة)
on Ya (ئ). Ta marboota is a special form of the letter 
Ta(ت) that only appears at the end of words. There are two 
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types of numerals that are commonly used in Arabic; the 
Indian and Arabic numerals as shown in Figure 2. 

4. Stages of Arabic Character 
Recognition  

The process of Arabic character recognition consists of 
five stages; preprocessing, segmentation, feature 
extraction, classification, and post-processing [1]. The 
preprocessing enhances the raw images by reducing noise 
and distortion. This stage includes thinning, binarization, 
smoothing, alignment, normalization, and base-line 
detection. 

Since Arabic text is cursive, segmentation is an 
important step in Arabic text recognition. Segmenting a 
page of text includes page decomposition and word 
segmentation. Page decomposition separates different 
logical parts, like text from graphics and lines of a 
paragraph, while word segmentation is the breakdown of 
words into isolated characters. The feature extraction stage 
analyzes a text segment and selects a set of structural or 
statistical features that can be used to uniquely identify the 
text segment. These features are extracted and passed in a 
form suitable for the recognition phase. Selecting the most 
suitable features plays a crucial role in the performance of 
the classification stage. 

The recognition or classification stage is the main 
decision-making stage of an OCR system. This stage uses 
the features extracted in the previous stage to identify the 
text segments based on structural or statistical models. The 
classification stage uses machine learning techniques such 
as Artificial Neural Networks (ANN), support vector 
machines (SVM), k-nearest neighbors (k-NN), and Hidden 
Markov Models (HMM). The post-processing stage 
improves the recognition by refining the decisions taken by 
the previous stage and recognizes words by using context. 
It is ultimately responsible for outputting the best solution 
and is often implemented as a set of techniques that rely on 
character frequencies, lexicons, and other context 
information [1].

5. Arabic Baseline Detection Methods 

Arabic baseline detecting methods can be categorized 
into four groups; the horizontal projection, the word 
skeleton, the word contour representation, and the Principal 
Components Analysis [6]. This section presents the current 
approaches of Arabic baseline detection. The horizontal 
projection method reduces the two-dimensional data into a 
one-dimension based on the pixels of the text image by 
summing up the pixel values of each row, and the row that 
obtains the highest score will be considered as the baseline. 
Although this method is easy to be implemented to printed 
text, it cannot easily detect handwritten text and it can be 
easily fooled by the diacritics.   

Pechwitz and Maergner [15] used the word skeleton 
method to detect the baseline. This method creates the 
skeleton of the word based on polygon approximations. 
This method is applicable to both printed and handwritten 
Arabic text and is not affected by diacritics. However, it 
is computationally more expensive than other methods. 

Farook et al. [16] detected the baseline according to 
the word Contour representation. This method finds the 
local minima of the word contour and then applies the 
linear regression technique to estimate the baseline of the 
text. This method can be applied to both printed and 
handwritten Arabic text and to both diacritized and non-
diacritized text. 

Burrow [17] applied the Principal Component 
Analysis for either foreground or background of the pixel 
distribution of the Arabic text in order to estimate the 
baseline direction and then applied the horizontal 
projection to detect the baseline. Detailed literature 
review of baseline detection methods can be found in [6].

6. Classification Approaches 

There are several machine-learning (ML) 
classification techniques that are successfully applied to 
character recognition. These techniques can be classified 
into model-based and instance-based. ANN, HMM, and 
SVM are model-based classifiers that learn a model based 
on training examples to determine the decision 
boundaries between classes. Conversely, k-NN is an 
instance-based classification method, which assigns the 
class of the closet training examples in order to classify a 
new example. This section presents some of the existing 
approaches that use ML classification methods. 

Graves and Schmidhuber [18] introduced a globally 
trained offline handwriting recognizer which is based on 
the raw pixel values of the input images. The system does 
not require any alphabet specific preprocessing and is 
applicable to any language. The two dimensional images 
were transformed into one dimensional label sequences of 
pixel values. The system employed the multidimensional 
long short-term memory (LSTM) neural networks as the 
classification technique. The system was evaluated on the 
IFN/ENIT database [10] where it outperformed the 
winner of ICDAR 2007 Arabic handwriting recognition 
contest [19] although neither author understands a word 
of Arabic. 

Mahmoud and Awaida [20] described a technique for 
automatic recognition of off-line writer-independent 
handwritten Arabic (Indian) numerals using SVM and 
HMM. This work evaluated the use of the Gradient, 
Structural, and Concavity (GSC) features with a SVM 
classifier, and then the results are compared with HMM 
results using the same dataset and features. The SVM and 
HMM classifiers were trained with 75% of the data and 
tested with the remaining data. A two-stage exhaustive 
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parameter estimation technique is used to estimate the best 
values for SVM parameters. The achieved average 
recognition rates were 99.83% and 99.00% using the SVM 
and HMM classifiers, respectively. The recognition rates 
of SVM proved to be superior to those of HMM for all 
digits and tested writers. 

Natarajan et al. [21] evaluated HMM in handwritten 
character recognition. The authors concluded that the 
HMM-based system have several advantages because no 
pre-segmentation of words is required. On the other hand, 
this system suffers from two limitations; the assumption of 
conditional independence of the observations given the 
state sequence, and the restrictions on feature extraction 
imposed by frame-based observations. The use of pixel-
level features from narrow slices of the text, specifically, 
the narrow windows provide very little contextual 
information making the conditional independence 
assumption in these systems unrealistic. 

Hamdani et al. [22] presented an off-line handwriting 
recognition system based on the combination of multiple 
HMM classifiers. The classifiers are based on three on-line 
features and one off-line feature. The three on-line features 
are pixel values, densities and Moment Invariants, and 
pixel distribution and concavities. The authors used the 
technique described in [23] which allows having the on-
line trace of the writing in a given image. The system was 
implemented using the HMM Toolkit (HTK) [24] and the 
IFN/ENIT database [10]. The authors concluded that the 
combination of on-line and off-line systems significantly 
improves the recognition accuracy. 

Al-Hajj Mohamad et al. [25] proposed Arabic 
handwritten city names recognition based on combining 
three HMM classifiers that include a set of baseline-
dependent and baseline-independent features. The three 
classifiers are combined at the decision level using three 
combination schemes: the sum rule, the majority vote rule, 
and an original neural network-based combination whose 
decision function is learned through candidate words’ 
scores. 

Mahmoud and Abu-Amara [26] describes a technique 
for the recognition of off-line handwritten Arabic (Indian) 
numerals using Radon and Fourier Transforms. A database 
of 44 writers with 48 examples of each digit totaling 21120 
examples is used for training and testing the classifier. 
Radon-based features are extracted from Arabic numerals. 
Nearest Mean, k-NN, and HMM are used as digit 
classifiers. The recognition rates of these classifiers are 
98.66%, 98.33%, 97.1%, respectively. 

Parvez and Mahmoud [27] proposed a structural-based 
character recognition method. An Arabic text line is 
segmented into words/sub-words and dots are extracted. 
An adaptive slant correction algorithm that is able to 
correct the different slant angles of the different 
components of a text line is presented. A polygonal 
approximation algorithm is employed for text 

segmentation. Dynamic programming is used to select 
best hypotheses of a sequence of recognized characters 
for each word/sub-word. Prototype selection using set-
medians, lexicon reduction using dot-descriptors are also
utilized.  

Tomeh et al. [28] and Habash and Roth [29]
incorporated linguistically and semantically related 
features to Arabic character recognition systems. They 
presented an error detection system that uses deep lexical 
and morphological feature models to locate words or 
phrases that are likely incorrectly recognized. They used 
BBN’s Byblos HMM-based off-line handwriting 
recognition system [30] to generate an N-best list of 
hypotheses for each segment of Arabic handwriting.  

Sahlol et al. [31, 32] proposed a feed-forward back-
propagation Neural Network approach. The method 
consists of four stages; binarization, normalization, noise 
removal, feature extraction, and classification. Three 
types of features were extracted; structural, statistical, and 
topological features. Structural features are the upper and 
lower profiles that capture the outlining shape of a 
connected part of the character as well as horizontal and 
vertical projection profiles.  Statistical features include 
the four neighboring pixels for each pixel. Topological 
features include end points, pixel ration, and height to 
width ratio. 

7. Use of Synthetic Data in Character 
Recognition 

Large databases of Arabic handwritten characters and 
words are not publicly available when compared to Latin 
languages. Many papers in Arabic character recognition 
used their own small datasets such as Al -Badr and 
Mahmoud [1], Amin [33], and Khedher et al. [34], or they 
talked about large databases that are not available to 
public such as Kharma et al. [35], and Al-Ohali et al. [36].
Therefore, the use of synthetic data in building character 
recognition systems of different languages has been 
discussed and examined by many researchers. 

Margner and Pechwitz [37] introduced a system for 
automatic generation of synthetic printed data for Arabic 
OCR systems. This system can be described as follows. 
First, the Arabic text has to be typeset. Then, a noise-free 
bitmap of the document and the corresponding GT is 
automatically generated. And finally, an image distortion 
can be superimposed on the character or word image to 
simulate the expected real world noise of the intended 
application. 

Elarian et al. [38] presented an approach to synthesize 
Arabic handwriting text. First, real word images are 
segmented into labeled characters which are then 
concatenated in an arbitrary way to synthesize artificial 
word images. The nearest Euclidean-distance neighbor is 
used for matching characters that can be concatenated to 
produce natural-looking words. This synthesized text is 
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used to train and test OCR system. Although the proposed 
approach is still infancy and was tested on only two writers 
from the IFN/ENIT dataset [10], the authors reported 
promising results. 

  
Dinges et al. [39] presented a method for Arabic 

handwriting synthesis using Active Shape Models (ASM) 
computed based on 28046 online samples of multiple 
writers. ASMs were used to generate unique letter 
representations for each synthesis. Subsequently these 
representations were modified by affine transformations, 
smoothed by B-Spline interpolation and composed to text. 

Shatnawi and Abdallah [40] extended the spatial 
congealing technique [41] and evaluated it on Arabic 
characters. Congealing models human distortions in the 
examples of one or more handwritten characters, and then 
uses this model to generate synthetic examples of other 
characters that are similarly distorted. The extended 
congealing approach along with different types of 
systematic affine transformations including rotation, 
scaling, and shearing were used to synthesize a large 
number of virtual training examples of isolated Arabic 
characters. Experimental results proved significant 
improvements across three machine-learning classification 
algorithms; k-NN, Naïve Bayes, and SVM. 

8. Conclusion 
This survey is focused on off-line handwritten Arabic 

character recognition. The most important challenges that 
face handwritten Arabic OCR systems and the main 
characteristics of Arabic writing were addressed. We 
investigated the major relevant existing approaches carried 
out towards this perspective. There are several approaches 
in this field. However, the research in handwritten Arabic 
character recognition is still in an early stage when 
compared to Latin and other languages. 
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