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Abstract
Computer vision (CV) refers to the study of the computer simulation of human visual science. Major task of CV is to collect images (or
video) so that they could be used for analysis, gathering information, and making decisions or judgements. CV has greatly progressed and
developed in the past few decades. In recent years, deep learning (DL) approaches have won several contests in pattern recognition and
machine learning. (DL) dramatically improved the state-of-the-art in visual object recognition, object detection, handwritten recognition and
many other domains. Handwritten recognition technique is one of this tasks that targeted to extract the text from documents or another images
type. In contrast to the English domain, there are a limited works on the Arabic language that achieved satisfactory results, Due to the Arabic
language cursive nature that induces many technical difficulties. This paper highlighted the pre-processing and binarization methods that have
been used in the literature along with proposed numerous directions for developing. We review the various current deep learning approaches
and tools used for Arabic handwritten recognition (AHWR), identified challenges along this line of this research, and gives several
recommendations including a framework based (DL) that is particularly applicable for dealing with cursive nature languages.
Keywords: Arabic OCR; Deep Convolutional Neural Networks; pattern recognition; image processing, Text recognition.

1. Introduction
This Image recognition is considered a major research direction in the
computer vision field. It has a very vital role and impact for the
acquisition and processing of image-based intelligent data. Using
image recognition technology can help effectively handle the
identification and detection of specific target objects (e.g. face,
objects, or handwritten characters), classification of images, and
subjective assessment of image quality, among other issues.
Currently, the technology of image recognition has great commercial
market and a good prospect for applicability in Internet applications
such as commodity recommendation, image search, face recognition,
and user behavior analysis. Simultaneously, advanced technology
such as intelligent robots, unmanned aerial vehicle industry and
biology, unmanned driving, geology, medicine and several other
disciplines have broad prospects for applicability. In the early
systems for image recognition, feature extraction methods like
histogram of oriented gradients [5] and scale-invariant feature
transform [7] were used. Furthermore, the extracted feature input to a
classifier was used for recognition and classification. Essentially,
these features are considered a manual design feature. For various
identification problems, the extracted features directly affect the

performance of the system. Therefore, the researchers need to
determine the problem areas that need to be examined in order to
design adaptability and give it better features, which would enhance
system performance as well. Generally, this part of the image
recognition system is meant
for a specific identification task.
Furthermore, data size is not large and the ability for generalization
is poor. Thus, in the practical application of the problem, it is difficult
to reach an accurate identification effect.
Over four hundred million people worldwide speak the Arabic
language. This language is also used as a method for the transcription
other languages such as Turkish, Persian, Kurdish, Urdu, and Malay.
Unlike the Chinese and Latin domain, off-line techniques for Arabic
Handwritten Recognition (AHWR) are not well-developed yet,
because the cursive nature of the language gives rise to numerous
technical difficulties (Khémiri, Kacem, & Belaïd, 2014; [2]).
HMM-based printed Arabic text recognition is presented by [10] for
various scenarios. This is a procedure for partitioning the sliding
window adaptively into cells. The procedure makes use of the writing
line attribute of ink-pixel distributions and Arabic text. On the other
hand, unseen-font and mixed-font text recognition was recommended
with a two-step methodology in which the input text line image is
linked with the nearest known font in the first step. In the second step,
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the HMM-based text recognition is applied using the recognizer that
was trained on the linked font’s text. [11] suggested a Hybrid
Classification Scheme to enhance the performance of traditional
HMM classifiers. The procedure is composed of hybrid k-NN
classifiers and PAW-based HMMs. To derive the accuracy results,
the IFN/ENIT Arabic Word Database is applied. [12] recommended a
technique that makes use of three types of HMMs: two for the slanted
windows and one for the vertical sliding window. In order to combine
the three HMMs, a fusion scheme is used. Every classifier examines
the image from a certain orientation. When these classifiers were
combined, the recognition rate significantly increased. An online
handwritten mathematical expression recognition system was
suggested by [13]. Accordingly, a 2D-SCFG based standard statistical
framework and its consequent CYK-based parsing algorithm were
defined. As proposed by [14], there can be a two-recognizer system,
based on multi-stream HMM, for the offline recognition of an Arabic
handwritten Tunisian city name. The two key recognizers are deemed
as a dynamic Bayesian network that primarily emphasizes on
combining the extracted attributes at each slice time t simultaneously.
Although the second methodology models the two observations
separately, with the help of an HMM for each stream, the interaction
takes place through another hidden layer. However, enhancing the
hidden Markov model can improve the recognizer performance
considerably and make it more efficient. Only a consistent estimate of
the attributes or parameters can be applied to analyze the sequence
and decode it efficiently for even the most complex of problems.
This paper aims to accommodate a review of (AHWR) task by
exploring the methods that have been used in the previous works. In
addition, we proposed a general methodology based on deep learning
technique for (AHWR). We will highlight the pre-processing and
binarization methods that have been used in the literature, and we will
propose some directions for its development. Next section, explain
the deep learning algorithms and applications in a deferent domain,
followed by a review on its application on (AHWR) recent works.
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Figure 1 General Steps for Arabic Handwritten Word Recognition

2. Handwritten Recognition Architectural
In Arabic handwritten recognition models the input will be a text
image and output are the text that recognized. Pre-processing is the
first important step that start with any Arabic handwritten model. Due
to the high frequency of noise in the input text image that usually
come from a scanner, a camera, or simply a print-screen of a page.
The noise can be generated from the degradation of old manuscripts
or additional non-text contents such as pictures, equations, tables.
Many of pre-processing related works will be presented in next
section of, Arabic OCR Pre-Processing and Layout Analysis.
According to [15] in 2015, the process of recognizing Arabic words
can be perform without segmentation as whole word, or recognized
words based on its segmented characters as mentioned in fig 1.
Whilst the Arabic sim-cursive nature makes the segmentation step
like an errors bank for Arabic handwritten recognition models. A
recent study by [14] investigated the effects of two words models are
implemented based on the holistic and analytical approaches without
any explicit segmentation. Jayech, [14] used a sliding window
approach over the columns and rows to extract a combination of
statistical and structural features that extracted.
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Figure 2 flowchart of Arabic Handwritten recognition based on CNN model

In the recent years can merely note, the state of art researches focused
on implemented the deep learning techniques for Arabic Handwritten
recognition [6, 8, 9, 16]. they can fallow a new hypothesis that
consists of only two phases to solve the Arabic OCR task. Whilst,
traditional approaches applied the three phases, firstly; preprocessing, word segmentation phase, followed by machine learning
algorithms as classification phase. Nevertheless, the high capability
of deep learning technique specially (CNN) to capture word features
promote to recognize the whole word directly without performing
word segmentation task. Arabic Handwritten recognition-based DL
approach flowchart, can be includes only pre-processing phase
followed by the (CNN) technique as mentioned on fig.2

3. Pre-Processing Arabic (Hwr)
Optical Character Recognition (OCR) refers to the recognition of
written or printed text characters using a computer. However, despite
years of studies and the existence of numerous off the shelf OCR
systems, OCR processes often produce outputs that still contain
errors. In the past several years, the focus of researchers has been on
the recognition of degraded historical handwritten document images.
Bleed-through of ink, uneven intensities, dirt, marginal noise,
uniform illustrations, and other kinds of damage are often present in
old documents as well. Standard OCR packages do not have the
capacity to accommodate this range of document recognition needs
and diversity of content Rani and Lehal [17].
The pre-processing stage is a vital OCR stage Naz, Hayat [18].
Choosing the best image improvement method is an important part of
the OCR task. For instance, an individual method has a greater
tendency to harm OCR results instead of improving them Borovikov
and Zavorin [19]. Several kinds of pre-processing techniques are
needed before the goal of text

recognition can be targeted. Handling degradation documents for
transcription using optical
character recognition (OCR) is seen as more difficult compared
to processing a normal document. One of the major and most

important steps includes automating the noise removal process
while preserving the content of the text.
Shafait and Breuel [20] proposed an algorithm which is a
combination of connected component removal and projection profile
analysis to determine the noise regions’ borders on the printed binary
document image. . Stamatopoulos, Gatos [21] proposed a technique
to help in the detection of the optimal page frames. This method is
based on the horizontal and vertical white run projections of double
page binary documents such as newspapers and books. Chen, Wei
[22] devised a page segmentation method that can be used for the
colour historical handwritten document images. This proposed
technique solved the page segmentation task by combining colour,
coordinates, and texture features, followed by the classifier algorithm
and the feature selection process. Chakraborty and Blumenstein [23]
suggested a text preserving method that also eliminates the nontextual noise from its environment. This is directly applicable to
greyscale images. The basis of this method is the analysis of the area
between the text area and the marginal noise. However, using only a
single method to handle various degradations documents images is
difficult Farahmand, Sarrafzadeh [24]. The high inter / intra variation
between the document background and the text stroke is still
considered as one of the major obstacles as it makes the task of
handwriting recognition more difficult.
Arabic Handwriting recognition (AHW) had two main steps to
start recognition phase, pre-processing and segmentation. Some
works in literature considered the segmentation phase as a part of preprocessing as well. Many different schemes are suggested for
extracting text blocks from machine-printed Arabic documented
images. Segmentation of text to line blocks in AHW usually used
with the help of horizontal projections. Meanwhile, methods of
braking this words to characters, still need more developing [25]. In
the case of multiple-column documents, in one study, the researchers,
,[26] had proposed the top-down approach which used a combination
of the structural segmentation along with the functional labelling. The
segmentation approach is developed using the X–Y cut algorithm and
is directed depending on the knowledge regarding the layout features
of the document. This helped in constructing a structural documented
tree after recursively studying the horizontal and the vertical
projection profiles of the partitioned areas. Thereafter, these vertical
and horizontal projection profiles were used for dividing the page into
small blocks like columns and also paragraphs [27, 28].
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In contrast to the approach used by Nagy et .al 1992 , another
author [29] used the method of the structural page layout which was
further based on the bottom-top, nearest neighbor clustering of the
various page components, and the author grouped the smaller
components (starting from the pixels which were used as connected
components) into larger components till all the blocks were seen on
the document page. Thereafter, they subdivided the text blocks into
singular text lines using horizontal projection. Using these
techniques, the authors addressed the major problem of tackling the
local nonlinearity seen for the text lines. For the past several years,
various researchers have proposed numerous layout analytical
algorithms for handling different layouts and many of these were
robust against the noise in the text. A large proportion of these
proposed algorithms has been used for the analyzing the text images
in many scripts. In the study conducted by [30], the authors
developed the smearing approach based on the nonlinear, run-length
smoothing algorithm for task segmentation and the classification of
the various digital printed texts documents into smaller areas
containing images and text. Using the general text line features, a
linear adaptive classification approach is able to distinguish the text
areas from other regions. Furthermore, [31] proposed a novel method
for analyzing the whitespace in the document and also addressed the
problem related to the isolation of the blocks containing the machineprinted text. Their method was generally based on the computationalgeometrical algorithms for the off-line enumeration of the maximum
number of white rectangles along with the on-line rectangle
unification. They used the complicated layouts from many technical
journals in English as their main data. In 2002, [32] applied the
geometric algorithms in order to solve some key problems noted in
the layout analysis; which involved finding a background whitespace
cover in the document like maximum empty rectangles and also
determining a constrained maximal likelihood match of the geometric
text line models observed when geometric obstacles were present.
The author also proposed the evaluation function which could
accurately identify a maximum number of empty rectangles which
corresponded to the column boundaries. Using the evaluation
function in combination with the geometric functions helped in an
easier implementation of the layout analytical system. In another
study by [33], the author proposed a novel scheme involving page
segmentation which was based on an estimated region of the Voronoi
diagram. Their method had the following characteristics:
(1) This Voronoi diagram helped in obtaining the various
boundary candidates of the document components using the page
images with the help of the skew and a non-Manhattan layout.
(2) The authors used the candidate for estimating the interline
gaps and the inter-characters without using the domain-specific
parameters for boundary selection.
In contrast to the Arabic OCR, there have been very few reports
which have analyzed the Urdu or Arabic and the Jawi documents. In
their study, [34] applied the morphological operators for extracting
the text lines from the printed Jawi or Arabic text documents.
Furthermore, they also applied these on the font with 2 sizes for
verifying the approach used by the morphological operators.
In 2012, [35] proposed the layout analytical system for the
extraction of text lines in a reading order from various scanned
images in the Arabic scripted documents written in many other
languages (Urdu, Arabic, Jawi and Arabic etc.) and many styles (i.e.,
Naskh or Nastaliq, etc.). They also showed that this improved
multiresolution morphology- based text or non-text segmentation
method was suited for analyzing Arabic texts.
Also, it is seen that a greyscale image is first converted to a
binary form with the help of the suitable binarization approach. Many
reports have been published in the literature which have applied the
binarization approaches [36-39]. In the study by Otsu [36], the author
proposed a nonparametric and an unsupervised technique for
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selecting automatic thresholds for image segmentation. In their
technique, they used the 0th and the 1st order cumulative moments
present in the grey-level histograms. This was a simple technique
which could be extended for multi-threshold problems. Also, [37]
proposed a binarization method for solving the problems related to
adaptive document imaging, wherein a page was compiled of various
components like text, background and images. They applied 2
algorithms for determining a local threshold for every pixel. These
algorithms were studied using various images which had various text
components and degradations.
Furthermore, in one study, the authors [40] highlighted the Urdulike script peculiarities, by presenting the text and image databases.
They compiled their attempts into 3 parts, i.e., printed, handwritten,
along with the online character recognition. For every part, they
analyzed the different studies using a traditional OCR pipeline and
laid more emphasis on pre-processing, line segmentation, feature
extraction, data classification, and recognition.
Also, Saberi [41] analyzed the legibility of various Arabic scripts
for the Malaysian mosque users and proposed a novel quantitative
tool called the ANFIS process. They identified the most significant
parameters which affected the understanding and the readability of
the different decorative and cursive Arabic scripts. Furthermore, they
also studied the manner in which the demographic aspects and the
cognitive skills affected the capability to accurately interpret the
Arabic scripts.
Today, several studies applying the Optical Character
Recognition (OCR) make use of the off-line images as the dataset in
the various OCR models. All these studied images from a type of a
historical manuscript which are transferred to their digitized
counterparts after photographing them. However, there are some
issues related to the performance of an OCR model we can mention
as First, Photograph Resolution the resolutions can be very low (some
cases showed 200 dpi). Additional, Binarization artefacts: these could
occur due to the bad quality of the various built-in binarization
algorithms which were installed in many inexpensive scanners.
Finally, Noise: this occurred in different forms like lines or rule lines,
holes and blobs, dark background, logos etc.
Sauvola and Pietikäinen [37] introduced a local threshold
binarization method that can be used for the adaptive document
image. In this approach, the page is taken as a collection of
subcomponents like background, text, and picture. It utilized two
algorithms so that a local threshold can be identified for each pixel.
Testing of the algorithms was done with images, which include
various kinds of degradations and document components. Su, Lu [42]
introduced a historical document image binarization approach that
can tolerate various kinds of document degradation, such as
document smear and uneven illumination. This suggested technique
utilizes the image contrast that is assessed based on the local
maximum and minimum (LMM). Su, Lu [43] designed an adaptive
contrast technique that can be especially used for degraded document
images. Furthermore, the adaptive image contrast refers to a mixture
of the local image contrast and the local image gradient that can
tolerate variations in the text and background as a result of various
kinds of document degradations. Chen and Wang [44] introduced a
new framework that is useful for binarization of the degraded
document image and the restoration of the document images’ quality.
However, the method being proposed is considered a variation of
Wellner's adaptive thresholding that has its basis on the histogram.
Furthermore, the method being proposed passes through the image
from the left and from the right alternatively. It is able to locate the
text regions if the pre-processed image’s value goes beyond the
threshold d. The Rosenfeld's method is used to determine the
threshold d. However, this method has difficulties achieving a high
accuracy rate. Furthermore, the background noise resulting from the
process causes severe degradation issues in the binary algorithm.
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The targeted image enhancing algorithms for some noise-related
categories have been described earlier. The problem of surrounding
noise was addressed by Agrawal Agrawal and Doermann [45] where
they treated the binary images with different noise types which were
sized like the diacritics (a secondary component) and nearer the text
constituent named, "Stroke-like Pattern Noise (SPN)". Depending on
the text characteristics, the image components were categorized as the
Prominent Text Components (PTC) when they could be identified
using no neighborhood context, and as non-Prominent Text
Components (non-PTC) when they needed the neighborhood context.
Once the image constituents were classified as PTC or others (like
non-PTC components and noise etc.), the set containing textual
features was extracted and used by a supervised algorithm which used
an SVM and a Radial Basis Function (RBF) kernel. Thereafter, in the
next stage, the results were used for filtering and removing the
various non-PTC constituents. For this purpose, the stroke width and
the cohesion property (based on the distance transform for
backgrounds) were computed for every constituent using a K-means
clustering approach. Finally, the verification was carried out for
removing the misclassified text components. In another study by
Agrawal and Doermann [46], the authors also proposed a novel
algorithm for detecting and reducing the clutter noise seen in the texts
associated with the binary document images. They assumed that this
clutter noise was higher than 2-times the text maximal stroke width,
and hence, the distance transform was applied for detecting and
reducing the noise using an iterative manner. In Stage 1, the pixels in
the foreground were thinned to 50% of the maximum distance, which
yielded an image containing only the cluttering constituents.
Thereafter, the authors extracted a set of features from the image and
used a Support Vector Machine (SVM) classifier for determining if
the extracted image contained clutter components. In Stage 2, the
authors removed the associated clutter noise and maintained the text
components. The major idea of using this technique was to regenerate
the clutter constituents from the half-residual core noted in the earlier
stage. Therefore, the authors computed the distance transform for
every component associated with the clutter noise, from the clutter
boundary. The steps needed (pixels having similar distances) for
regeneration were seen to rapidly change for the component edges.
The distance (i.e., number of steps required) was used for removing
all pixels in the image, thereby removing all the related clutter pixels.
Some studies have also reported the use of other enhancement
algorithm filters like the modified median filters. Toh [47] proposed
an NAFSM filter for effectively removing the salt-pepper noises. This
NAFSM filter was a type of recursive double-staged filter, which
detected the intensities of the salt-pepper noises and then located the
positions of these probable noise pixels. After detecting the “noise
pixel”, it was subjected to a subsequent filtering stage. However, if
the pixel was categorised as “noise-free,” then, it would be
maintained, and no filtering action would be carried out, thus
preventing any kind of alterations to the finer image textures or
details. Also, in one study Chinnasarn, Rangsanseri [48]; the
researcher presented a novel technique which was based on a kFill
algorithm, which was carried out by scanning the image using a
single-pass. This algorithm could remove the salt-pepper noises in the
image, which were sized smaller that the document objects. Many
studies have been presented in the literature, which investigate the
deferent filters. Some popular filters used for handling the salt-pepper
noises were the Optimal Boolean and the Modified Directional
Morphological filters (MDMFs). Lee Lee and Fan [49] used an
Optimal Boolean filter for improving the binary document images
which contained many uniform noises or image backgrounds with
uniformly-distributed specific graphical patterns. Ping Ping and
Lihui [50] proposed a noise eradication model for removing the
noises from binary document images. Their model was based on 2
filtering algorithms, i.e., MDMFs and the Image Geometric Structure
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Filters (IGSF). However, if the image showed several types of noises,
these techniques were unable to resolve the issues.

4. Binarization
The process of binarization involves the conversion of the greyscale
or colour images to the binary images. Many techniques were
proposed earlier for binarization, which are divided into two types of
approaches: i.e., global and local thresholding. Carrying our
binarization is difficult for the images if they have a lower contrast,
significant noise levels, variable background reflectance, and
complex textual patterns. Hence, no single binarization process can
provide completely satisfactory results for different types of images.
Therefore, numerous local adaptive methods have been proposed for
preserving the textual information as accurately as possible. Many
experiments were carried out for investigating and examining the
available local adaptive binarization methods like [51-56].
Another problem arises when many historical documents are
converted into images, they need to develop uneven backgrounds
method. The text in the foreground must be separated from the
backgrounds for better readability. Hence, the thresholding that
occurs along a scanline must be in the form of a curve instead of a
straight line/ lines which were determined using conventional global
or local thresholding algorithms [37].
Earlier studies have described kinds of threshold algorithms which
were used for solving the OCR problems. Global thresholding
techniques was used for images include Otsu’s thresholding
technique [36]. Which is an effective and a common method,
followed by Entropy technique [57] and the minimum error method
by Kittler and Illingworth [58].
However, for images that possess a higher contrast background, it
was observed that the Integral Ratio technique performed better than
the Entropy algorithm and the Otsu’s technique. [42] formulated an
adaptive contrast technique that can be especially implemented for
degraded document images. Furthermore, the adaptive image contrast
refers to a mixture of the contrast of the local image as well as the
local image gradient that can tolerate the background and text
variations that come from various kinds of document degradations.
First, an adaptive contrast map is built so that it could be used for an
input-degraded document image. Afterwards, the contrast map is
binarised and mixed with Canny’s edge map so that the text stroke
edge pixels can be identified. A local threshold is then used to further
segment the document text. Estimation of this local threshold is based
on the intensities of the detected text stroke edge pixels that are found
within a local window. (Chauhan, Sharma, & Doegar, 2016) have
stated that adaptive contrast technique performs better than other
popular binarisation methods, such as Niblack’s and Sauvola’s
adaptive thresholding methods (Niblack, 1985; [37]) and Otsu’s
global thresholding method (Level Otsu, 1979).
Ntirogiannis [59] conducted a study that determined that the process
of image binarisation was an important part of image analysis and
pipeline recognition since it affects the latter stages in the process of
recognition. Examination of the binarisation techniques helps in the
assessment of the process’ algorithmic behaviour and the
determination of its efficacy by studying the qualitative and
quantitative performance of the techniques. The authors proposed the
utilisation of a pixel-based binarisation evaluation method to study
the historical document images which could either be machineprinted or handwritten. [60] utilised an optimisation approach for
image enhancement and the reduction of the effect of non-uniform
illumination. In a real-time industry environment, a genetic algorithm
is used to determine the threshold value of binarisation. The
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binarisation technique is based on genetic algorithm outperformance
global threshold binarisation methods such as the Otsu and local
threshold binarisation methods similar to Bernsen.
[61] conducted a research that performed an optimisation algorithm
that can be used for the intelligent binarisation of images. The
binarisation method was designed based on the whale optimisation
algorithm and makes use of a fuzzy 𝑐-means fitness function as a
means of separation between the foreground (text) and the
background on the Arabic handwritten manuscript image. Literature
has presented many various binarisation techniques. However,
determining optimal threshold values is still known as an open issue,
especially for historic handwritten manuscripts in Arabic. When these
manuscripts are digitised and captured, the resulting images normally
have different artefacts such as smear, faint characters, bleed-through,
stains, and non-uniform illumination.
However, the local threshold typically needs to be determined
dynamically, which can be time-consuming and will often lead to
large amounts of calculation. Thus, the local threshold method will
not be able to meet the real-time requirement within the product line.
Furthermore, the local threshold technique will also result into
pseudo-shadow, which negatively affects image recognition.
Singh, Sharma [62] presented an adaptive binarization method for the
degraded document images. Variable background, non-uniform
illumination, and blur caused by humidity are the addressed
degradations. Local contrast analysis, contrast stretching,
thresholding, and noise removal steps are used to recover text from
the document images containing non-uniform and degraded
background. Wen, Li [63] Proposed binarization method for nonuniformly illumination document images. They combined Curvelet
transform and Otsu’s method to solve binarization task. However,
most of the works reported in the field of OCR are on good-quality
documents. But still it remains a highly challenging task to implement
an OCR that works under all possible degradation and non-uniform
illumination conditions and gives highly accurate results. Elaborate
study and research on poor-quality documents need further
exploration to make it a viable solution in the development of robust
OCR system. In addition, segmentation error existing mainly in the
peripheral image and the regions with interference is still a problem.

5. Deep Learning and Its Applications
Recently, researchers have given deep learning significant attention.
It has also achieved great success in terms of the various machine
learning tasks. Popular public sources like Wikipedia describe deep
learning as the machine learning algorithms that utilise architecture
that is made up of multiple non-linear transformations so that highlevel data abstractions can be modelled. In general, deep learning
methods are based on artificial neural networks (ANNs). ANNs have
been used less compared to other shallow models like vector
machines (SVM). This is due to the fact that finding optimal solutions
with ANNs is difficult. Also, a vast amount of computation is
required by their training processes. The value of ANNs has been
recently discovered by the research community. Furthermore, recent
research can achieve excellent performance when several modern
techniques are applied to address the traditional ANN flaws and attain
optimal efficacy.
Deep learning is rooted in human information processing mechanisms
(e.g. speech and vision), which is suggestive of the need for deep
architecture to extract complex structure and construct internal
representation using input signals. Typical systems for deep learning
are constructed with deep architectures that are made up of various
layers of nonlinear processing stages. In this system, the outputs of
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each lower layer are used as input and fed to its immediate higher
layer. Unlike shallow architectures, deep learning methods typically
possess greater representational and modelling power, which gives it
the ability to handle more complex real-world applications like
understanding unconstrained visual scenes and natural images. Guo,
Liu [64] conducted a comprehensive study regarding deep learning
and developed a categorisation system for the analysis of the current
deep learning literature. The deep learning algorithms are divided into
four categories based on the basic model they developed from:
Convolutional Neural Networks CNN, Autoencoder, Restricted
Boltzmann Machines RBM, and Sparse Coding. There is a discussion
and an analysis of the approaches for these four classes. For computer
vision domain applications, the advancements of CNN based schemes
are the ones that are mostly reported since they are the most
commonly used and the most appropriate for images.
Among the various streams of deep learning techniques, CNNs are
the most popular and commonly used techniques. They are
considered as top performing methods for the task of handwriting
recognition [64-70]. CNNs are a representative of a specific type of
multi-layer neural networks that have been developed to take
advantage of how objects typically go through shifts or translational
image variations. Feature detectors that function well on one portion
of the image will typically find success across the whole image.
Given this knowledge, every neuron found in a convolutional layer is
obliged to receive input coming from a small set of nearby neurons
within the previous layer. This area is referred to as the receptive
field. Furthermore, the neurons found at various places (with varying
receptive fields) are obliged to have identical weights. Typically, each
convolutional layer is succeeded by a spatial pooling operation,
which is responsible for improving its tolerance to feature variation.
For every convolutional layer, the output is partitioned into small
sets. Furthermore, from each set, one value is sampled (mean or the
max) and this serves as the input for the next layer. For the local
receptive fields, neurons found in the first convolutional layer obtain
low level visual features like dots, edges, and corners. The following
layers will then combine these features so that higher-order features
can be detected.
CNNs have the ability to integrate classification/regression model
learning and feature learning into one process. Furthermore, it is
capable of directly recognising visual patterns from pixel images
while involving minimal pre-processing. With the broad application
of CNNs recently, hand-crafted features have begun to lose their
focus in the community of object recognition. Domain knowledge
that comes from experts is losing its importance when it comes to the
design of visual recognition systems. CNNs have performed better on
many standard handwriting recognition benchmarks [71-78], and it
was observed to have a large margin compared to other types of
techniques.
With the help of deep learning techniques, several problems have
been addressed in terms of image processing and understanding,
including document image categorisation, handwritten recognition,
and blind image quality assessment. Formerly, these issues were
addressed using different shallow-structure learning methods and
handcrafted features. Although some methods in the past have shown
reasonable performance, these problems have remained unsolved for
the most part and still need some improvement. Instead of depending
largely on heuristics or domain knowledge, deep learning methods
can work directly on the image domain, allowing them to learn
complex features and classifiers/regressors within the network.
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6. Deep learning for Arabic Handwriting
Recognition
this section covers the related work on Arabic Handwriting
recognition. Hence, a number of Deep learning techniques [1, 3, 6, 8,
9] compared with the stat-of-art techniques[2, 4]. Nevertheless, all
details of works were presented such as, a dataset that used, methods,
numerical/characters/word level recognition, and results in accuracy
for each research.
Early research into Arabic handwriting based on Deep Learning
algorithms proposed by Porwal, Zhou [1]. The system utilised the
deep belief network, which incrementally learns the data’s complex
structure by representing it in a manner that is more compact and
abstract. To assess the efficacy of the deep belief network, the system
was tested on the AMA Arabic PAW dataset. This data set contains
848 testing images and 6464 training images, and also has 34 paw
classes. It achieved significantly lower results compared to the results
obtained from the bootstrapped dataset because the model did not
have enough data to capture the distributions.
Tamen, Drias [2] developed a model that made use of the multiple
classifier system to improve the recognition of Arabic handwritten
words. The system was assessed on the IFN/ENIT database so that
the efficiency of the model can be demonstrated. The focus of the
study is the two steps involved in the recognition system, the
classifiers combination and the feature extraction. The Chebyshev
moments (CM) that was improved using some statistical and contourbased features (SCF) to describe word images was used during the
feature extraction phase. Then, several classifiers were combined and
integrated at the decision level during the classification phase. The
study also took the multilayer perceptron (MLP), the extreme
learning machine (ELM), and the support vector machine (SVM)
classifiers into account. The system considers word recognition as the
basic units and does not use any segmentation step.
Ashiquzzaman and Tushar [3] Stated that the Distributed Arabic
handwriting digit recognition systems efficiency was enhanced by
employing a deep learning neural networks algorithm to improve the
recognition rate.
The model is trained and tested on the
CMATERDB 3.3.1 Arabic handwritten digit dataset. The entire
dataset consists of 3000 images, making it a source of 3000 unique
samples. dataset divide to 2000 training samples and 1000 test
samples. Dropout used to reduce overfitting as regularization layer,
that configured to randomly exclude 25% of neurons in the layer. The
system applied CNN model uses several convolutional layers along
with ReLU activation, with dropout used as a regularization layer.
Then the output was fed into a fully connected layer with softmax
activation to obtain prediction for each class. However, the added
convolutional layers in the proposed CNN method enhance the
accuracy in digit recognition, making the accuracy 97.4 percent. This
is the recorded highest accuracy for the (CMATERDB) Arabic
handwritten digit dataset.
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In the study by Rani and Lehal [17], the author proposed a system
which carried out offline recognition of the Arabic cursive
handwritten texts using the Hidden Markov Models (HMMs). This
was an analytical system with no explicit segmentation and made use
of the embedded training for carrying out and improving the character
recognition. They used the IFN/ENIT benchmark database, which
contained around 26,459 handwritten words containing the names of
946 Tunisian towns or villages, written by many writers. In their
method, the baseline estimation was carried out followed by the
extraction features, which were geometric and statistical and helped
in integrating the text peculiarities and the pixel distribution
characteristics seen within the document image. The extraction
features were modelled using the HMMs and they were trained using
the embedded training. All experiments carried out using the images
from the IFN/ENIT benchmark database showed a recognition rate of
87.93%.
Elleuch, Mokni [6] presented a deep learning model using SVM
called as the Deep SVM (DSVM) for carrying out Offline Arabic
Handwritten Recognition. This DSVM model was developed by
stacking the SVMs which permitted the extraction and the learning of
the features automatically based on raw images and carried out
classification. The authors selected and tested a Multi-class SVM
along with the RBF kernel, as a non-linear discriminative feature for
carrying out the classification of the Handwritten Arabic Characters
Database (HACDB). This HACDB consisted of 6.600 shapes of
various handwritten characters which were written by 50 people.
Every writer generated 2 forms for 66 shapes; wherein 58 shapes
represented characters and 8 shapes represented the overlapping
characters (consisting of 24 basic characters or overlapping characters
with no dots). The DSVM model used the raw data as the input data
and generated automatic strong features without using an extrafeature engineering stage. The system showed a high accuracy due to
a discriminatory strength of the automatically extracted features from
the input raw data which used the deep architecture (i.e., DSVM)
along with the regression capabilities of the SVM classifiers.
In another study by Elleuch, Maalej [8], the authors also presented a
model which used the Convolutional Neural Network (CNN) along
with the SVM for the offline Arabic handwriting recognition. This
method used the HACDB and the IFN/ENIT databases for proving
the model efficiency. The authors studied the CNN-based SVM
model performance with and without the dropout for carrying out
training and recognition of the Arabic characters. The authors
parameterised a convolutional layer for a setting architecture, based
on the size and the map number, skipping factors, kernel sizes, along
with a connection table. In the case of the IFN/ENIT database, the
pre-processing step makes use of processes like the noise reduction,
binarization, and filtering the input text image for improving the
image quality. However, in the case of the HACDB database, the
authors did not apply any kind of pre-processing step for their
experiments. For the feature extraction step, the authors used CNN as
the compact end-to-end model,
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which resulted in the input data in the network to be raw images.
Then, they defined the optimal kernel and the penalty parameters for
the SVM. Then, lastly then stated that the CNN-based SVM
classifiers could offer significant state-of-the-art results without
laying a lot of emphasis on the feature extraction and the preprocessing steps. In another study by Elleuch, Tagougui [9], the
authors used a Deep Belief Network (DBN) for carrying out Arabic
handwritten script recognition. The DBN was seen to be a
probabilistic generative model which contained several stochastic
hidden variable layers along with a visible neuron layer. The DBN
could be trained using an efficient algorithm after greedily learning
every layer, similar to an RBM, for initialising a deep network. This
network contained 2 major steps, i.e., Step 1 was the unsupervised
feature learning whereas Step 2 comprised of a supervised learning of
the discriminating functions. The authors also applied the
dropconnect for preventing the system from being over-fitted and
improving the performance. The dropconnect was similar to the
dropout but was used for the weights, W. Furthermore, the authors
tested their model performance using the HACDB database and
studied the efficiency of the unsupervised feature learning approach
with the help of the DBN model in combination with the
dropout/dropconnect. They obtained favourable results, where the
error classification rates were 2.73% when using dropout and 2.27%
when dropconnect was used.
However, Porwal, Zhou [1], Ashiquzzaman and Tushar [3], Elleuch,
Mokni [6], Elleuch, Maalej [8], Elleuch, Tagougui [9] applied several
different deep learning techniques, but they had not yet to discuss the
developing of special (DL) for (AHW).

7. Conclusion
This paper produced an overview of the research which has
conducted models based deep learning for the Arabic language of
handwritten Recognition task. This research has highlighted the
general architectural methodology that can use for Arabic
handwritten Recognition based on deep learning thoroughly and
criticized. Moreover, these architectural parts had explained in detail
with their corresponding related works. In addition, special attention
had given to the stat of art work of handwritten Recognition with
reference to the limitation on the domain of Arabic language. On the
other hand, we presented a table of the literature works on Arabic
domain contains a comparison between Deep learning techniques and
that of other recent techniques.
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