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ABSTRACT A Quranic optical character recognition (OCR) system based on convolutional neural net-
work (CNN) followed by recurrent neural network (RNN) is introduced in this work. Six deep learning
models are built to study the effect of different representations of the input and output, and the accuracy
and performance of the models, and compare long short-term memory (LSTM) and gated recurrent unit
(GRU). A new Quranic OCR dataset is developed based on the most famous printed version of the Holy
Quran (Mushaf Al-Madinah), and a page and line-text image with the corresponding labels is prepared.
This work’s contribution is a Quranic OCR model capable of recognizing the Quranic image’s diacritic text.
A better performance in word recognition rate (WRR) and character recognition rate (CRR) is achieved in
the experiments. The LSTM and GRU are compared in the Arabic text recognition domain. In addition,
a public database is built for research purposes in Arabic text recognition that contains the diacritics and the
Uthmanic script, and is large enough to be used with the deep learning models. The outcome of this work
shows that the proposed system obtains an accuracy of 98% on the validation data, and a WRR of 95% and
a CRR of 99% in the test dataset.

INDEX TERMS Arabic, Quranic text, deep learning, gated recurrent unit, long short-term memory, optical
character recognition.

I. INTRODUCTION

Technology has become an essential part of human life by
providing tools to make tasks more comfortable and efficient.
One of these tools is OCR, which converts text in newspa-
pers, magazines and documents into digital text. The Arabic
language has been used worldwide. It is the formal language
of 25 countries and used in writing by more than 250 million
people. It is considered one of the leading universal sources of
documents [1]. This language is written from right to left and
uses the cursive writing style, as shown in Fig. 1. The same
Arabic characters take on different shapes depending on their
position in a text string and on the surrounding characters [2].
Arabic optical character recognition (AOCR) is an exciting

research field that attracts numerous researchers in the area of
image processing, pattern recognition and natural language.
Several researchers focus on printed text, and others focus
on handwriting. However, much effort is still required for its
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FIGURE 1. Arabic writing style.

accuracy to reach an acceptable level [3].This study addresses
the difficulties and challenges of improving accuracy.

The field of OCR is an active area of scientific research [4].
Arabic text recognition is considered a more challenging
problem than other languages such as English [5], [6]. The
presence of ‘hamzas’ and ‘dots’ are other features of the
Arabic writing style that make recognition more complex [7].
The Arabic alphabet has 22 characters that can be changed by
one dot. For example, the letter ‘ ’ will be ‘ ’ or ‘ ’ also ‘ ’
will be ‘ ’, which applies for the different forms of the 22 let-
ters (isolated, initial, middle and end) and shows the effect
of the dot if it is misclassified. The character’s recognition
accuracy with dots compared with nondot characters is small,
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whereby that of the nondot characters is substantially better.
One reason for that may be due to the thinning algorithms in
preprocessing, which could affect the dots [8].
An experimental evaluation conducted in 2017 on the

AOCR system using the King Abdullah Financial District
dataset showed that AOCR still requires further research
to reach an efficient text recognition method for Arabic
script [9]. The experiment was conducted in four state-of-
the-art AOCR systems whose accuracy rates were below
75%. The experiment showed that the accuracy of characters
without dot, Hamza and diacritics was higher than that with
dot, Hamza and diacritics. This experiment also indicated that
the Arabic text’s recognition is still open for research. The
2017 experiment above motivated this work to improve the
AOCR system by focusing on the effect of the dot, Hamza and
diacritics. This problem is not limited to the Arabic language
but is also faced by other languages that share the same
writing style, such as Jawi, which is the Malay’s alphabet
after the arrival of Islam to the Malay Archipelago. It is an
Arabic script for Malay writing [10].
The diacritic problem goes to another level when consid-

ering the Quranic text where the diacritic should appear in
every character. The Mushaf al Madinah contains 24 diacrit-
ics plus the four standard diacritics used within the normal
text, namely, Fatha, Damah, Kasrah and Shadah. These dia-
critics are used in several situations to clear any ambiguity.
The Mushaf al Madinah is written by an Arabic calligraphy
artist’s hand using Uthmanic script with different spelling
rules for other words. The Mushaf al Madinah follows sev-
eral rules in writing style. For example, the page should
start with the beginning of Ayah and end with the end of
Ayah. Moreover, every chapter consists of 20 pages, and
following these rules, the words vary in size and chaps on
different pages.
Concerning the challenges of Arabic text, Quranic text is

more complicated than standard Arabic text. A Quranic OCR
system is capable of recognising theQuranic image’s diacritic
and can assist researchers in making various processes much
easier and faster, especially for the mobile platform’s system.
Therefore, this research aims to improve Arabic text recog-
nition accuracy and focus on diacritic Quranic by using the
deep learning models. The main contributions and features
of the proposed design are highlighted below:

• A Quranic OCR dataset is developed based on the most
famous printed version of the Holy Quran (Mushaf Al-
Madinah).

• Six deep learning models are built to study the effect
of different representations of the input and output,
the accuracy and performance of the models, and com-
pare LSTM and GRU.

• The Quranic OCR dataset for three different sets (i.e.
clean, normal and hybrid) is built to train deep learning
models.

• A public database has been built for research purposes
in Arabic text recognition that contains the diacritics and
the Uthmanic script.

The rest of the study is organised as follows: The back-
ground and related works published within the same area
are highlighted in Section II. The complete methodology for
Quranic recognition is explained in Section III. The findings
and evaluation are provided in Section IV. The outcome is
discussed in Section V. Lastly, the conclusion and future work
are discussed in Section VI.

II. BACKGROUND

Deep learning techniques have been widely used in vari-
ous areas, such as biological neuronal systems [11], power
systems [12] and autonomous vehicle systems [13]. Various
works have been explored for deep learning approaches to
recognise handwritten Arabic texts such as deep learning
neural network, CNN, connectionist temporal classification
(CTC), RNN, LSTM and bidirectional long short-term mem-
ory (BLSTM).

CNN can remember the context of a sequence due to the
feedback connections between the hidden layers. However,
in practice, it is not capable of remembering a very long
context due to the exploding gradient problem and the van-
ishing gradient problem. When the training uses gradient
descent-based learning, the error signal is propagated back
to update the internal weight connections [14]. The values
of the first-order gradient values either grow exponentially,
which is called the exploding gradient, or vanish to zero
exponentially, which is called the vanishing gradient. In [15],
S. Hochreiter et al. used memory cells to replace the activa-
tion units at the hidden layer, which is called LSTM, to solve
the exploding gradient problem and the vanishing gradient
problem. Yousefi, M. R. et al. [16] performed a similar
experiment as [17] in which they showed that LSTM, which
was faster to learn and converge compared with MDLSTM,
achieved better results in the same IFN/ENIT dataset with
the same handcraft features, namely, CCV, RM, MB and
LGH. LSTM had automatically extracted features from the
row images, and this result was obtained by applying a nor-
malisation scheme to the input to reduce the translation to a
horizontal axis. They also showed that LSTMwith automatic
features achieved a better result than the handcraft features.
Ahmad, R. et al. [18] proposed a system based on MDL-
STM for Arabic character recognition with the CTC layer as
the output. A reprocessing technique was introduced, which
would remove extra white spaces and deskews the text lines
for precise height normalisation. This system improved the
recognition rate by 29%, and the accuracy rate was 75.8%
character error rate (CER) on text lines of the KFUPMHand-
written Arabic TexT (KHATT) dataset.

Zayene, O. et al. [19] presented an Arabic video-embedded
text recognition system based on a deep learning approach.
They used the MDLSTM network as input layers such that
the MDLSTM could learn the raw input image features. They
used CTC with SoftMax activation function as the output
layer. The suggested method was trained and evaluated using
the AcTiV-R database, which is part of the AcTiV dataset,
consisting of 10,415 text line images and 44,583 words. They
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reported a 96.5% character recognition rate (CRR), and their
system outperformed the previous work on the ALIF dataset,
particularly those based on the combination of CNN and
BLSTM on [20].
Rahal, N. et al. [21] proposed the holistic text recogni-

tion system, which was based on statistical features. They
adopted the model Bag of Features (BoF) using sparse auto
encoder (SAE) for feature representation and the hidden
Markov model (HMM) for recognition. As a reprocessing
step, Gaussian smoothing was used to reduce the noise nor-
mally associated with text images and image rescaling to
obtain a standardised height for all images. This system
was evaluated in an experiment with three datasets, namely,
KHATT, APTI and Modified National Institute of Standards
and Technology. The obtained average accuracy of recogni-
tion varied between 99.65% and 99.96% for the mono font
and exceeded 99% for the mixed font. Jain, M. [22] intro-
duced an end-to-end system using a combination of CNN
and RNN architecture, and showed the superiority of using
the hybrid CNN and RNN over a system, which additionally
depends only on RNN. This method reportedly outperformed
the previous methods on the existing benchmarks.

Suvarnam, B. and V. S. Ch [23] used a combination of the
CNN–GRU model to recognise the characters of a license
plate number without segmentation. CNN was used for fea-
ture extraction, and GRU was used for sequencing without
using any segmentation method. The outcome showed that
the proposed framework’s testing precision and training accu-
racy were 100% and 90%, respectively. Jiang, Y. et al. [24]
used end-to-end learning OCR technologies to solve the
CAPTCHA problem. Two pipeline methods were used to
solve this arithmetic operation, i.e. deep CNN with paral-
lel dense layers and component-connection-based detection.
Convolutional RNN with connectionist temporal classifica-
tion was adopted and combined with the text region detection
technique to recognise more complex pictures with assign-
ment operations and calculation formulas, which achieved
98.08% accuracy.
Table 1 clearly shows that RNN could become the state-

of-the-art system in the text recognition domain. MDLSTM
or BLSTM can be used to obtain good results, with benefits
from using every one of them. LSTM is faster at learning
and converging than MDLSTM. By contrast, GRU does not
operate with Arabic text recognition yet. Several researchers
implement GRU on OCR for license plate and CAPTCHA,
but many researchers use GRU in the Arabic domain for
different tasks such as speech recognition or natural language
processing. The conclusion is that complex tasks, such as
recognising diacritical image texts (for example, Quranic
text) at the word level or line level has not received much
attention. Thus, the proposed model uses CNN as a feature
extraction layer and implements BLSTM and bidirectional
GRU (BGRU) layers to recognise Quranic text with CTC as
loss functions.
Content and structure depend on the system, which uses

the dataset where a dataset focuses only on digital numbers

and isolated characters [25]. Those types of datasets are used
to train the handwriting system due to the complexity of
handwriting, and the use of such a system is minimal. The
text recognition system must recognise the whole word, but
the Arabic language is a cursive language where the char-
acters are connected to construct a word or subword. Thus,
[26], [27] introduced the subword dataset where they built
the Arabic word from more than one group, such as the word
Quran ( ).

It is one word with three parts, where the first two charac-
ters are connected as one group, the third and fourth character;
each one is a sub word because of a space between the char-
acters. More recent datasets, especially the dataset designed
to train deep learning models, contain an image on the line
level, where such a system can determine the characters and
word on the lines [28], [29].

This study introduces a public Quranic dataset on page
level and line level. The unique dataset focuses on a diacritic
text where only one dataset [30] introduces the Quranic and
diacritic dataset. However, this dataset is not public, and it is
synthetically generated on word level; meanwhile, the Quran
Text Image Dataset [31] is more on Quranic image. This
dataset more uniquewhich is based on theMushaf alMadinah
benchmark, written by the hand of anArabic calligraphy artist
using the Uthmanic script.

III. METHODOLOGY FOR QURANIC RECOGNITION

Fig. 2 shows the methodology’s main phases for recognising
Quranic optical text using the deep learning model. The
first phase focused on compiling and preparing knowledge
sources as the background information for the Quranic text in
the Islamic domain. After collecting the knowledge sources,
our dataset was built and contained three sets: clean, nor-
mal and hybrid. The models were designed based on CNN,
LSTM, GRU and CTC. Finally, the evaluation phase was
performed to assess the human judgments in this work, and
the results obtained were analysed.

A. DATA COLLECTION AND CLEANING

A Quranic OCR system was developed at the text-line level
using CNN with RNN. Hence, the first step was to build
the Quranic corpus containing images with the corresponding
text labels, as shown in Fig. 3.

The steps involved in building and cleaning the dataset are
as follows:

1. The first step was obtaining raw data from an authentic
source. The images from the known Mushaf Al-Madinah
from the King Fahd Printing Complex, which was used
in the printed Quran and contained 604 pages, were used.
A Microsoft word file was also obtained from the same
source, which included textual data.

2. The texts also required normalisation. The removal of
the diacritics and the ayah marks, which are the rounded
shapes containing the ayah number, must be performed
because only the original texts are required. The Mushaf
Al-Madinah contained 84,341 words [13], and after the ayah
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TABLE 1. Summary of related work.

FIGURE 2. Methodology for Quranic recognition.

marks were cleared from the text, the word count was 78,151,
whilst the number of lines was 9,047. The horizontal projec-
tion method was used to determine the boundary of the lines
and split the pages line by line [32].
3. Cleaning the dataset involved removing the border by

cropping the image where all images were of the same size.
By calculating the boundary of the border for one image,
themethodwas used in cropping the rest of the image borders,
except the first and second pages where the borders were
different. Therefore, cropping was required to be performed
manually.
4. The image was segmented into text lines. The horizontal

projection profile was used to calculate the sum of the black
pixel in every row of the image, which meant that the image
must be converted into white and black colours before the
calculation of the sum of the black pixel for every row of the
image. Any colour image should be converted into grayscale,
where every pixel in the image was between 0–255.
5. The sum of the black pixel was calculated for each

row of the image. The baseline for every text line could be

determined from the horizontal projection. The maximum
value represented the baseline, whereas the minimum value
represented the end of the line where the text line can be split
from. When a page was segmented into lines, the page num-
ber and the line number were added to the split line’s name
such that the ground truth text (GTT) could be mapped [33].
This mapping was achieved by tracking the page and line
numbers to be saved as the GTT. The images were stored in
resolutions of 100 dpi. This dataset was divided into 60%,
20% and 20% for training, validation and testing, respec-
tively. Three representations were used: 1) normal (an image
with diacritics and dots, where the output is a normal text
without diacritics); 2) clean (an image without diacritics and
dots as input, and the output is a clean text) and 3) hybrid (a
normal image with diacritics and dots as input, but the output
is a clean text without dots and diacritics).

Most of the studies in this field were conducted using
private datasets without a fair comparison due to the lack
of a standard benchmark. In this work, the standard Mushaf
al Madinah benchmark with several writing style rules was
used. For example, the page should start with the beginning of
the verse and end with the verse’s end. Following these rules
made the words vary in size and paragraph on different pages.
These characteristics made the recognition of the Quranic text
more challenging than that of normal Arabic text, and the
state-of-the-art systems failed to recognise the Quranic text.
Therefore, the Quranic OCR dataset, containing 604 images
at the page level and 8,927 images at the text-line level, was
presented in this study. The previous research reported a low
accuracy in recognising Quranic text. Hence, an experiment
was conducted to measure the accuracy of the state-of-the-art
OCR system, ABBYY FineReader and Tesseract. Moreover,
a system trained in the proposed dataset obtained a 98%
accuracy on validation data, and a word error rate (WER)
of 2.66 and a CER of 0.72 in the test dataset. This Quranic
dataset would help in the field of AOCR. Therefore, it is
public and freely available for research purposes from the
below link:

[https://www.kaggle.com/alshikh/quranc-dataset-for-ocr].

B. DEEP LEARNING MODEL ARCHITECTURE

Most of the recent works on AOCR used the deep learning
approach to overcome several of the Arabic text’s known
issues such as segmentation, extraction of handcrafted fea-
tures and tack advantage of the sequence context in the

VOLUME 9, 2021 38321



M. Mohd et al.: Quranic Optical Text Recognition Using Deep Learning Models

FIGURE 3. Dataset building process.

text [34]. The use of deep learning improved accuracy,
but several areas still need more affordability to achieve
an acceptable accuracy because the state-of-the-art systems
failed to recognise Quranic text.
Our proposed deep learning model has a high-level struc-

ture that uses two convolutional layers, followed by two
recurrent layers and a CTC loss function to perform Quranic
OCR, as shown in Fig. 4. The number showing on each
step represents the output shape value of specific layer as
described in Table 2.
Six deep learning models are built to study the effect of dif-

ferent representations of the input and output on the accuracy
and the performance of the models. Using the CNN–RNN
combination based on the number of layers in the example
provided by the open source Keras project, value of CNN
filter, RNN layer numbers, learning rate and the pitch size by
testing of different values whilst training the model, the value
of 0.2 for learning rate and 256 as the batch size are con-
sidered as a right candidate [35]. CNN as learning features
optimises data representation through end-to-end training of

the parameters from raw input data to target class. A multi-
classifier implicitly segments the subword into sequences of
characters where the classifiers consist of one subword length
classifier and seven character classifiers.

Table 2 shows the output shape, number of parameters and
if the layer is connected to another layer in Keras function
summary, a high-level neural network API running on top
of famous deep learning frameworks. The output shape is
calculated considering it is merely the product of length,
width, height and the number of channels in that layer.

The first layer is the input layer, where every image in the
dataset has a width of 375 pixels and a height of 40 pixels. It is
fed to the input layer as grayscale, where grayscale has one
channel, such that the input layer takes the width, height and
image channel as the input. Next, the convolution layer with
a window of 16 pixels (4×4) is used to extract the features of
the image with zero padding such that the input and the output
will have the same size, and Rectified Linear Unit (ReLU) is
the activation function [36]. ReLU improves neural networks
by speeding up training, where the gradient computation is
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FIGURE 4. The high-level structure of the deep learning model used in the study.

very simple (either 0 or 1). Moreover, the computational step
of a ReLU is straightforward, where any negative element
is set to 0.0, and has no exponentials and no multiplication
or division operations [37]. The last parameter is the kernel
initialiser, which is used for controlling the weight initialisa-
tion schemes. In this study, ‘he_normal’ kernel initialiser was
used, and CNN was used to extract the features from the raw
input, which eliminated the need for the manual extraction
of the features for a particular task. The next layer is the
maxpooling layer with a window of (2, 2), which helps reduce
the computation and the number of parameters.
Maxpooling also generalises the results from a convolu-

tional filter, whichmakes the detection of features invariant to
scale or orientation changes [38]. The second block of CNN

and max boiling layers are added to extract more sophisti-
cated features, followed by the reshaping layer to reshape
the CNN output to the RNN layers. This step is followed
by a dense layer to perform the classification and reduce the
features before sending the features to the next RNN layer.
In RNN, two layers of BLSTM and BGRU are used [39].
The code for GRU and LSTM is the same, where the only
difference is the type of layer, LSTM, instead of GRU.

The CTC loss function is the best choice in mapping the
input sequence image pixels to the output character sequence
to train the model proposed that is considered a sequence-
to-sequence model [40].CTC creates a dataset with images
of text lines and then specifies for each horizontal position
of the image the corresponding character. In this study, CNN
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TABLE 2. Output shape, number of parameters and connected layers.

training was guided by the CTC loss function, where only
the output matrix of the CNN and the corresponding GTT
were fed to the CTC loss function. Instead, it tried all possible
GTT alignments in the image and took the sum of all scores.
In this manner, the GTT text score is high if the sum over the
alignment scores has a high value [41]. In OCR, the dataset
does not have to locate the pixels for every character on the
image. Therefore, CTC makes training such a system much
easier, such that specifying text-line images with the labelled
text is enough, and CTC aligns the characters on the image
with the one on the text file [42]. Other important hyper
parameters are learning rate and pitch size by testing different
values; 0.2 as the learning rate and 256 as the batch size show
that a good candidate could be determined. The requirements
regarding the hardware and software are listed as follows:

• Hardware: Google Colab, a machine learning educa-
tion and research lab on the Internet offering free GPU and
CPU [43].

• Software: Keras with TensorFlow as back end,
Jupyter notebook environment and Python 3.6 [44]. Keras,
a high-level neural network API, written in Python and
capable of running on top of the most famous deep learning
libraries such as TensorFlow, Microsoft Cognitive Toolkit or
Theano [45]. It was developed with a focus on enabling fast
experimentation. As for the hardware specifications, Google
Colaboratory, which is a free Jupyter notebook environment
that requires no setup and runs entirely in the cloud, was used
with K80 GPU for up to 12 hours at a time [46].

C. TRAINING THE DEEP LEARNING MODEL

After analysing the OCR system’s weaknesses in the Arabic
language, particularly for the diacritic text, six deep learning
models were built with different representations to achieve
a fast, accurate system. The first representation dealt with
clean images where the images were cleaned of all diacritics
and dots. This step helped solve several problems such as the
present diacritics by removing some noise and reducing the
output class. Removing dots led to the combination of several

Arabic characters, for example, in the case of ( ),
which will become one character. This representation is
named clean representation at this stage, and preprocessing
was conducted on the image and the text.

The second representation dealt with images that con-
tained diacritics and dots. In this model, the diacritics were
considered noise, and the model would recognise the text.
This representation is called normal representation. The third
representation is where the normal image is used as the input,
whilst the clean text is used as the output. This representation
is called hybrid representation. Fig. 5 shows the clean, normal
and hybrid representations.

The Quranic dataset contained a different set of images
with the corresponding text. It contained 604 images on
the page level with the label text that can be used for line
splitting task and page analysis. Another set, which contin-
ued with separate lines with the associated text, contained
8,927 images. Another set was built where the image line was
cleaned of dots and diacritics. The image was also mapped to
the equivalent text where the diacritics and dots were removed
from the text. The final set of images with the corresponding
labels was a mix of the previous ones containing clean images
and normal text. Every set of line level was large enough
for the proposed model to achieve 98% accuracy, and the
dataset was sequentially divided into three sets, namely, 60%
for training, 20% for validation and 20% for testing, without
the need to augment the dataset or add more images.

For a clearer view, an experiment was conducted with
every representation, once with LSTM as the RNN layers,
and GRU as the RNN layers. The comparison between the
three representations with two types of RNN resulted in six
models, as shown in Fig. 5. The comparison focused onwhich
model would learn faster than the othermodels by focusing on
which model would require more time and resources, which
model would be smaller in size and which one would be
more accurate. The models were trained using the Quranic
dataset created in this study for a total of 8,927 images, 60%
(5,356 images), 20% (1,785 images) and 20% (1,785 images)
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FIGURE 5. Six deep learning models with different input, output, and RNN types.

FIGURE 6. Sample image from the Quranic dataset.

for training, validation and testing, respectively. This dataset
contained 8,927 line images with the corresponding GTT,
as shown in Fig. 6.
In an OCR system, images are used as the input to the

system, where the system recognises the images and produces
texts identical to the input images. The OCR system needs
a trained model to perform the recognition called prediction
in deep learning [47]. Two phases are involved in an OCR
system, namely, training and prediction. In the training phase,
the images and GTT are used as the input, where the model
tries to predict the input image to obtain the output text. In the
prediction phase, the model uses the image as the input and

FIGURE 7. Input image, output and ground truth text.

the trained model to determine the output text. In the training,
the GTT is used to train the model to minimise the errors
between the input and the model’s output using the CTC loss
function. Three different representations exist for the input
images and the output texts. Therefore, the clean images and
the normal images were compared, as shown in Fig. 6.

Fig. 7 shows the differences between the two types of
input representations, which would be reflected in the output
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text, but every input character can easily map to the output
character in the normal image. However, on the clean image
where the dots are removed, more work is needed to map
the GTT input image. The normal image was used as the
input. The diacritics and dots were considered noise to obtain
a clearer picture. An experiment was performed on the third
representation, where the output text required more process
be mapped to the GTT. The previous comparison was made
based on the input and the output. Another comparison was
made between two types of RNN (LSTM and GRU) to com-
pare between LSTM and GRU in the OCR domain, where
the previous works used LSTM in the OCR domain. GRU
still achieved a better performance in other domains to detect
Arabic sentiments [48].
Fig. 7 indicates a typical image with normal text. The

output of the deep learning model is a normal text, which may
contain errors. These errors could be in the form of missing
characters or a character being replaced with another char-
acter, an extra space being added or a space being removed,
which all lead to the combination of two words. The incorrect
word may be a correct word but is not shown on the image,
or the word is not a correct word but is shown on the image.
Thus, the spell correction suggests a correction based on the
N-gram model to obtain the most likely correct word.
The N-gram model was used to obtain the most likely cor-

rect word. The term itself represents a sequence ofN adjacent
words in a sentence. Equation 3-1 was used to estimate the
probability of the N-gram language model.

P
(

wn|w
n−1
n−N+1

)

=
C

(

wn−1
n−N+1wn

)

C
(

wn−1
n−N+1

) (3-1)

Equation 3-1 shows the conditional probability of a single
word Wn which was calculated according to the sum of the
previous words [49]. ‘N ′ represents the N-gram used, such as
bigram or trigram. ‘|’ represents the conditional probability.
C denotes the frequency of a sentence. ‘n′ represents the
number of words in a sequence. Finally, ‘n-N+1’ represents
the prediction of a future unit without going too far into the
past. It can be generalised as a bigram (which looks one word
from past) to a trigram (which looks two words from the past)
and an N-gram (which looks n−1 words from past) [50].
For example, to calculate the probability of the word
in the sentence by using trigram LM, then
Equation 3-2 will be as follows.

P( | ) =
C( )

C( )
(3-2)

The models’ output texts need to be aligned with GTT,
where all characters with dots and characters with the same
appearance need to be distinguished on the clean representa-
tion and hybrid representation. Fig. 8 shows that the first four
lines contain the word ( ) in the clean image.

According to the dataset of the study, the original word
may consist of different words
[ ].

FIGURE 8. Clean image.

FIGURE 9. Clean text ambiguity.

Hence, a dictionary was used to map the clean word to the
original words, where the dictionary contained 13,060 keys
with different word lists as the value after some error cor-
rection was applied based on another word list containing
78,151 clean words in the dataset. The N-gram model was
used to solve the ambiguity. Thus, the output was derived
from clean text ambiguity, as shown in Fig. 9.

As discussed, the filter size was quite larger than the input
size of the image, which forced us to use zero padding;
otherwise, the image will be very small in the output. How-
ever, it helped resolve the finer structure of spectrum but
did not enhance image resolution. It supported achieving a
reasonable size of the output image but improved the overall
computational cost along with higher energy loss, resulting
in a higher end-to-end latency. Therefore, this model still
needs an efficient padding approach to maintain the speed of
processing and amount of noise in processing images.

IV. RESULT

A. TRAINING OF THE PROPOSED DEEP LEARNING

MODELS

Two goals must be achieved in conducting the six experi-
ments on the proposed deep learning models. The first goal is
to study the effects of removing the image’s diacritic marks as
a preprocess. The second goal is to compare LSTM andGRU,
two types of RNN used in testing each representation, and to
select the best type of RNN. The proposed dataset contains
two types of input images, namely, clean images and normal
images. Hence, three combinations of input and output are
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TABLE 3. Summary of the six experiments.

produced. The first combination is a normal image as input
with normal text as output. The second combination is a clean
image as input and clean text as output. The final combination
is a normal image as input and clean text as output.

B. DIFFERENT INPUT REPRESENTATIONS WITH LSTM AND

GRU LAYERS

Table 3 summarises the implementation in the six experi-
ments conducted and shows the number of epochs for the
RNN models to obtain specific accuracy and loss. LSTM
started to obtain a sensible value for the accuracy at epoch
120 with a loss value of 4. GRU started to obtain sensible
values for the accuracy at epoch 80 with a loss value of 4. The
LSTM obtained an accuracy of 0.98 at epoch 400, whereas
GRU obtained the same accuracy at epoch 260. Therefore,
GRU learns faster than LSTM for normal representation.
This method can be used as one experimental setting of a
deep-structured model when dealing with high-dimensional,
sparse input data.
Table 3 shows that GRU trains faster than LSTM on every

representation. Another important observation is that GRU
is more robust on the different representations, where GRU
obtained the best accuracy for the normal representation at
epoch 260 and that for the clean representations and hybrid
representations at epoch 240. GRU required only 20 epochs
from 240 to 260 to obtain the best result compared with the
clean representations and the hybrid representations, where it
obtained the best accuracy at the same epoch number. LSTM
obtained the best accuracy at a different epoch numbers for
the three representations, where it required 120 epochs to
obtain the same accuracy for the clean model and 40 epochs
for the hybrid model.
This step is the final phase, where the sixmodels built in the

previous section were tested. The usual evaluation measure
used for OCR accuracy is CRR, where insertion (I), deletion
(D) and substitution (S) errors occur at the character level.
WRR is the number of words correctly recognised divided
by the total number of words; these measures were computed
as (4-1) and (4-2):

CRR =
characters− I − S − D

total character in ground
(4-1)

truth WRR =
words correctly recognized

total words in ground truth
(4-2)

The output of the models was tested with GTT. A proof of
concept experiment was conducted to show the current recog-
nition accuracy of the state-of-the-art OCR system (Tesseract

FIGURE 10. Testing and evaluation.

TABLE 4. Result of the test models.

and ABBYY FineReader) regarding the Quranic text shown
in Fig. 10.

A test was performed on the test data, where 20% of the
dataset was used as the test data. Each model was tested
with 1,758 images, and the results of the experiment are
shown in Table 4. Six experiments have three input and output
representations. The first type of representation is the normal
representation, where the input image and the output text
are in the normal state with no normalisation or removal of
diacritics and dots. The second type of representation is the
clean representation where the input image is cleaned of all
diacritics, dots or noise. The output text also does not contain
any diacritic, whilst the characters with the same shape are
compounded and represented as one character. For instance,
( ) can be described as one character in the
output text. The third representation is the hybrid representa-
tion, where the input image is a normal image, and the output
text is a clean text. Every representation was tested with two
types of RNN, namely, LSTM and GRU.

WRR and CRR were calculated for every model. The time
needed to recognise all of the test dataset images represents
20% of the Quranic dataset and contains 1,758 images.

Table 4 summarises the six experiments for the three
representations of the input and output (normal, clean and
hybrid) as well as the type of RNN (LSTM and GRU).
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TABLE 5. Results comparision with existing literature.

The table shows the test process’ accuracy on the test data,
represented in WRR and CRR. Every model’s amount of
time in performing the predictions in the test data was also
calculated.
Table 5 shows the results of the proposed model in com-

parison with the techniques from the existing literature.
It compares the results of accuracy and precision and their
different architecture, script and dataset. It can be seen that the
accuracy of the proposed model is achieved to be highest of
98 % as compared to most the techniques; however, the study
in [21] performs much better with 99% accuracy rate. The
higher accuracy rate is because it utilise the BoF model
for feature representation as an addition, but it affects the
precision rate and brings it to 0.822. Similarly, the precision
rate of the proposed models is the best compared to all the
other studies, except in [23], which uses CNN for feature
extraction and GRU for sequencing without using any seg-
mentation methods. Since they are only focusing on license
plate content, which is short and limited to only two formats,
i.e., text and numbers, it gives the precision outcome superior
than utilizing a proposed LSTM and GRU alone.

V. DISCUSSION

OCR systems faced challenges in AOCR due to the com-
plexity of Quranic text and the effect of diacritics, which
contributes to the difficulty in recognising the Quranic text in
OCR systems. Quranic text is a diacritic text written by hand
by a font artist, where every page and chapter of the Quran
needs to follow a specific pattern. This pattern is concerned
with the number of lines on each page that should end with
an ayah, the number of pages in each chapter should be
20, and the word size is different from one page to another
and from line to line to preserve this pattern. The number
of diacritics used in Quranic text is larger than that of the
normal Arabic text used in the modern written form of a
book, journal or article. In dealing with the diacritics in a text,
the diacritics’ effects on the OCR models’ accuracy must be
assessed because this factor plays amajor role in the Tesseract
library, whereby the accuracy would also improve when a text
is cleaned of the diacritics. Hence, a comparison needs to be
made between the combinations of options to determine the
best option. The focus has been placed onmany factors where
accuracy is considered the most important factor, apart from

considering other factors such as speed of prediction, speed
of training and size of the models.

We can conclude that GRU trains faster than LSTM, and
clean models and hybrid models train faster than the normal
model. Combining more than one character in one class
helps a model learn faster. GRU uses less training param-
eters and less memory, and can execute and train faster
than LSTM, however, GRU is more stable and robust than
LSTM. The model obtained the best accuracy at epochs 260,
240 and 240 even if the input and output data were different.
By contrast, LSTM obtained the best accuracy at epochs 400,
502 and 360. One of the reasons is that LSTM has complex
structures and numerous parameters with which to learn the
long-term dependencies. GRU has only two gate functions
that rest/hold or update the state, summarising the past infor-
mation. Tang et al. [51] showed that GRU is more robust
to noise than LSTM. Another factor where GRU outper-
formedLSTM is prediction time, where theGRUmodels took
118.00, 114.86 and 117.37 seconds, whereas LSTM required
128.63, 126.69 and 130.29 seconds to predict all images in the
test set. The accuracy of the OCR systemwas measured using
WER and CER, where the two types of RNN appeared equal
with just minor differences, but LSTM performed better than
GRU in the normal model, GRU outperformed LSTM in the
clean model, and LSTM obtained a slightly better accuracy
in WRR with 0.7 for the hybrid model.

RNN became the state-of-the-art system in the text recog-
nition domain. Comparison of performance revealed that
LSTM is faster at learning and converging compared with
MDLSTM. Few researchers implemented GRU in OCR for
license plate and CAPTCHA, but many researchers used
GRU in the Arabic domain for different tasks such as speech
recognition and in Arabic neural machine translation, Arabic
named entity recognition and Arabic discretisation.

VI. CONCLUSION AND FUTURE WORK

This work explores the potential of a Quranic OCR system
explicitly developed to recognise Quranic text using OCR.
Therefore, the main goal and objective of this research is
to build an OCR model that can address the difficulties
of Quranic text. Concerning the Arabic text’s challenges
because Quranic text is more complicated than normal Arabic
text.
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All six models proposed and built in this study are suitable
for this task, where the size of these models is less than 1MB.
This work introduces a new Quranic dataset based on the
most famous printed version of the Holy Quran (Mushaf Al-
Madinah) and prepares a page and line-text image with the
corresponding labels. Thus, the dataset is ready for use in any
deep learning model.
The experiment shows that LSTM and GRU achieve the

same accuracy, but GRU requires less memory and time than
LSTM. The experiment to measure the accuracy of two state-
of-the-art OCR systems, namely, ABBYY FineReader and
Tesseract, shows that the two systems are unable to recog-
nise Quranic text, whereas the proposed system obtains 98%
accuracy on validation data, and 95%WRR and 99% CRR in
the test dataset.
This work improves the AOCR system’s accuracy by

focusing on the diacritic text, especially Quranic text. Thus,
this work’s novelty is the exploratory study of different
representations for the proposed model’s input and out-
put. It investigates the effects of the diacritics and dots
because recognising diacritical image texts (for example,
Quranic text) has not received much attention at the word or
line level.
Despite several positive results, this work has limitations

such as no Quranic dataset is available due to the lack of
public datasets in AOCR. Therefore, more benchmarking
datasets must be built. A comparison of results or existing
approaches on the same dataset will be considered the next
steps in our future work. This work is important for the
benchmarking and fair comparison of existing approaches.
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