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Abstract—Deep learning is a form of hierarchical learning,
it consists of multiple layers of representations that gradually
transform data into high level concepts. Deep learning has been
providing the state of the art results for various computer vision
problems. However, a typical deep leaning algorithm needs a
large amount of data to train a deep model and guarantee the
models ability to generalize. It is not easy to generate large labeled
datasets and it is one of the main barriers to apply deep learning
for many problems. Data augmentation schemes were introduced
to overcome this limitation, by extending small available labeled
datasets. In this work we experiment with extending a small
labeled dataset of Arabic continuous subwords by an orders of
magnitude. The labeled dataset, which consist of handwritten
Arabic subwords is used to synthesize a large collection of
labeled dataset. The synthesized subwords are based on one or
multiple writing styles from the original labeled dataset. We also
experiment with generating various printed forms of subwords.
We include only Naskh font, as most of the Arabic historical
manuscripts were written in this type of font. We train several
convolutional neural networks using handwritten, printed and
synthesized datasets and obtain encouraging results.
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II. INTRODUCTION

Historical documents have been providing an interesting
peek into the history of the past societies. Over the last two
decades many archives have been scanned and huge collections
of document images have been generated. The availability
of these collections is attracting the interest of researchers
and many algorithms were developed to process historical
document images. A system that is able to read historical
document images accurately and provide users with a textual
query is crucial. Using such a system enables scholars to study
the historical documents extensively.

Historical handwritten document images are different from
the modern document images by their loosely layout format.
They contain overlapping components in a line. Words have
writer dependent varying shapes. They include holes, spots,
ornamentation or seals that degrade overall quality signif-
icantly [1]. Optical Character Recognition (OCR) systems
which make recognition character by character, are designed
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for modern printed documents and do not perform well in
processing historical handwritten document images.

An alternative solution is the recently proposed method,
word spotting [2]. The idea is to segment a page into words
instead of characters. Word spotting on historical handwritten
document images is a classification task on the words included
in the document. Word spotting systems usually employ hand
crafted features to represent the image data [3]. However
learning features on large images is computationally expensive
and increases the number of parameters which in turn makes
the overall process slower.

Recently the models based on deep convolutional networks
have dominated the visual recognition tasks. Deep models
have been successfully applied to problems such as text
recognition [4], image recognition [5] and character recog-
nition [6]. Convolutional Neural Networks (CNN) consist of
convolutional layers and pooling layers followed by fully
connected layers. This architecture uses the 2D structure of an
image as direct input without the need to hand crafted features
for representing image data. The filters in convolutional layers
are automatically learned by the backpropagation process in
the network. However CNNs require large datasets for training
due to their deep structures in order to prevent overfitting.

In this paper we explore utilizing CNN to classify Arabic
subwords and study two ideas to overcome large dataset
limitation. Firstly, we extend a small labeled dataset of hand-
written Arabic subwords, by automatic synthesis of these
subwords [7]. The synthesized subwords are based on one or
more writing styles from the original labeled dataset. Secondly,
we extend this labeled dataset by generating various printed
forms of subwords using the Naskh font as most of the
Arabic historical documents were handwritten using variation
of this font. We trained CNN using the extended datasets and
comparatively show their contributions.

In the rest of the paper we present related work about Arabic
text recognition and word spotting in section 3, the dataset
extension methods and the datasets’ statistics in section 4,
results of our experiments in section 5 and lastly in section 6
we draw conclusion and propose a future work.
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III. RELATED WORK

The recognition of Arabic text has attracted the interest of
researchers over the last two decades and many quality papers
has been published. Early works assume that Arabic charac-
ters can be isolated individually. First group of approaches
extract outer contour or the skeleton of the characters to
obtain Fourier descriptors [8], [9], [10] or rely on the Fourier
coefficients of the handwritten dynamic representation [11].
Another approach uses class conditional density functions of
Arabic characters to make Bayes classification [12]. Segmen-
tation based methods separate words into characters based on
their geometrical and topological properties. [13], [14]. Other
approaches segment the words into characters by vertical pro-
jection and histogram techniques [15], [16]. Segmentation was
also made based on HMM models [14] or morphological rules
which are constructed at the feature extraction [17]. Recently
the leading methods for recognizing recursive script became
segmentation free. Maddouri and Amiri [18] introduced global
features specific to Arabic and rate the recognition system by
propagating these features into a transparent neural network.
Saabni [19] presented a multi-level recognizer for online Ara-
bic handwriting in a holistic fashion, thus avoided segmenting
words into individual letters.

Word spotting was initially proposed in [20] and it aims to
detect a word in the printed or handwritten document image.
Word spotting utilizes word matching algorithm to measure the
distance between representations of the words. There are two
types of word matching: pixel-based and feature-based. The
former measures the similarity of two images using Euclidean
Distance Map, XOR difference, Scott and Longuet-Higgins
distance, Hausdorff distance, sum of square differences [21],
[22], [23] or etc. The latter measures the similarity of two
images using the features extracted form the images [24], [25],
[26], [27].

Recent document processing algorithms extract interest
points directly from gray scale images [28] and utilize these
points for various applications, such as word spotting [29],
[30] and writer identification [31]. Most of these algorithms
impose a grid or define patches to control the distribution of
feature points [32], [29]. Defining the size of this grid and the
number of sample points is done in an ad-hoc manner. These
algorithms demonstrate improvement over binary-prerequisite-
based algorithms for gray scale images. Other works are
based on bag-of-visual-words model, such as [28], [33], [34],
[35]. The performance of these algorithms deteriorates as the
degradation level increases [36]. The idea of using these points
to compare similarity among components is based on the
hidden assumption that these points faithfully represent the
processed text components.

IV. EXPERIMENTAL STUDY

In this section we describe the two methods that are used
to extend a labeled dataset, the statistics of the three datasets
that are used in our experiments and the architecture of the
convolutional network we trained to classify these labeled
datasets.
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Fig. 1. An example for an LCM entry, and its output in various positions
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Fig. 2. Some examples of degraded printed text in the Naskh font.

A. Automatic synthesis of historical Arabic subwords

Automatic synthesis of historical handwritten Arabic sub-
words is a novel framework that is proposed recently by [7].
It first builds a Letter Connectivity Map (LCM) (Figure 1)
that includes multiple instances of each letter’s various shapes,
since an Arabic letter’s shape varies by its position in the
word. The LCM is generated from several historical pages that
were annotated previously. This LCM is then used to guide
the automatic synthesis of any Arabic continuous word, from
its ASCII representation.

B. Generating printed forms of Arabic subwords

The image of a printed text is perfect and is not suitable to
be trained with for learning historical handwritten text images.
Therefore we introduce various kinds of degradations into the
printed text images by rotation, blurring, filtering and zooming.
The Naskh font is used to type the printed text because the
Arabic historical documents were commonly written in this
font. Figure 2 demonstrates some examples.

C. Datasets

We created three datasets (Table I), the historical hand-
written text image dataset (HD), the synthesized text image
dataset (SD) and the printed text image dataset (PD). The
handwritten text image dataset is extracted from an original
historical document (Figure 4) in [37]. The synthesized text
image dataset is automatically synthesized by the method
proposed in [7]. The printed text image dataset is generated
by various forms of subwords in the Naskh font.
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Fig. 3. The architecture of the CNN used in the experiments
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Fig. 4. A page part from the historical document that is used in the
experiment.

In all our experiments datasets are separated into training
dataset Sy.qin and testing dataset Siesi. Strqin @and Siesy are
independent where

@ - Strain N Stest

TABLE I
DETAILS OF THE DATASETS

Train set | Test set | # of classes
Handwritten 51853 22218 68
Synthesized and Handwritten 53784 22218 68
Printed and Handwritten 74071 22218 68

D. The architecture

For the experiments in this paper we use a deep learning
architecture shown in Figure 3. It is a 5 layer CNN with two
convolutional layers, two fully connected layers and one final
fully connected layer. We scaled the input images to 100 x 100
pixels. The CNN model was implemented using the Keras
library [38] on Theano [39] backend. It was trained using a
stochastic optimization method ADAM [40] with a learning
rate of 0.01, and with exponential decay rates of 0.9 and 0.999.
Using a five core CPU, training took 12 hours on the average
with a batch size of 32.

V. RESULTS

We performed three experiments. First experiment is per-
formed on the handwritten text image dataset (HD). Second
experiment is performed on the combination of the hand-
written text image dataset and the printed text image dataset
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Fig. 5. Accuracy and error values of the 3 experiments. The horizontal axis
labels show the training sets.

(HPD). Third experiment is performed on the combination of
the handwritten text image dataset and the synthesized text
image dataset (HSD). For a fair comparison; the same CNN
architecture and the same optimization algorithm are used with
each of the datasets. Results are compared by the evaluation
measures error and accuracy on HD test set. The purpose of
testing on HD test set is to expose the practical performance
of the experiments.

First experiment is trained on HD train set and tested on HD
test set. This experiment is aimed to evaluate the performance
of CNN as shown in Figure 5 we got 81% accuracy and 0.76
error, which is acceptable, considering the simple architecture
that we have.

Second experiment is trained on HPD train set and tested
on HD test set. This experiment is aimed to evaluate the
contribution of printed text as shown in Figure 5 we got 0.85%
accuracy and 0.61 error.

Third experiment is trained on HSD train set and tested on
HD test set. This experiment is aimed to show the contribution
of synthesized text. As noticed from Figure 5 we got 0.835%
accuracy and 0.6 error.

In addition; comparing the CNN behavior on HPD and
HSD datasets we investigate the effectiveness of our dataset
extension methods. These results lead us to conclude that the
extension methods we used improves the prediction perfor-
mance of the CNN, and does not cause overfitting.
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VI. CONCLUSION

In this article we present two approaches to extend the
dataset of Arabic subwords, and use them to train a CNN.
First is extending a handwritten text image dataset using
automatic synthesis. Second is generating printed text image
dataset using Naskh font and degrading it to be similar to
Arabic historical document. According to the results of three
experiments we can conclude that using the extended dataset
enhances the performance of the CNN, and does not lead to
overfitting. Although we used a simple architecture for the
CNN, we got encouraging results. To enhance the performance
of the CNN we can build a more complicated architecture
however, we will leave this for future work.
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