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Abstract: Datasets of text images are important for optical text recognition systems. Such datasets can be used to enhance
performance and recognition rates. In this research work, we present a bilingual dataset consists of Arabic/English text images
to address the lack of availability of bilingual text databases. The presented dataset consists of 97812 text images, which are
categorized into two groups; Scanned page and digitized line images. Images of the two forms are written with 10 fonts and four
sizes, and prepared/scanned with four dpi resolutions. The dataset preparation process includes text collection, text editing,
image construction, and image processing. The dataset can be used in optical text recognition, optical font recognition, language
identification, and segmentation. Different text recognition and language identification experiments have been conducted using
images of the dataset and Hidden Markov Model (HMM) classifier. For the digitized images recognition experiments, the best-
achieved recognition correctness is 99.01% and the best accuracy is 99.01%. The font that has the highest recognition rates was
Tahoma. For the scanned images recognition experiments, Tahoma has also shown the highest performance with 97.86% for
correctness and 97.73% for accuracy. For the language identification experiments, Tahoma has shown the performance with
99.98% for word-language identification rate.
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1. Introduction The need for developing multilingual recognition
systems is increasing and becoming indispensable. This

Multilingual text can appear in documents in different increasing demand is attributed to several reasons:

ways:

1. Increase communication between countries and
between international organizations, which may lead
to the appearance of several languages in one
document.

2. Many countries such as India have several official
languages and thus multiple languages may appear in
the same document.

3. And despite the countries that have one official
language, their organizations such as universities and
banks may issue their documents written with two
languages.

1. In the same document, where one of its components
such as pages, columns, paragraphs, and/or lines
could be written with a particular language and
another component could be written with a second
language.

2. Or the same line could have multilingual text. Some
samples of these documents are shown in Figures 1
and 2.

Multilingual printed text datasets are important for
developing  multilingual  recognition  systems,
particularly for training and testing processes. There are
numerous implementations and applications that can
benefit from multilingual recognition systems and
multilingual datasets. These implementations include
recognizing multilingual documents such as university
certificates, bank checks, and postal mails. Another
important implementation is processing signboard
banners.

Many multilingual text datasets that contain different
languages other than Arabic are developed and used in
Figur(_e1.Arabic/Eninshsignboard [39] (some lines are written with recognition systems such as Chinse/English [23],
a particular language). - . . ]

English/Tamil [14], Farsi/English [21],



https://doi.org/10.34028/iajit/20/4/12

656 The International Arab Journal of Information Technology, Vol. 20, No. 4, July 2023

English/Gurmukhi  [37], Thai/English [11], and
Malayalam/English [35]. One main shortcoming that
obstructs developing an Arabic/English recognition
system is the lack of availability of bilingual (e.g.,
Arabic/English) text datasets. Several surveyed Arabic
datasets were developed to recognize handwritten
Arabic text [27, 30], Arabic printed characters [1],
handwritten Arabic words [33], and Arabic fonts [26].

Unit (3)
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Jusrice. How close the two meanings are can be seen from the other

noun, again usced significantly in the Quran with reference o Gl

Figure 2. Arabic/English document (some lines are written with two
languages).

1.1. Characteristics of Arabic Text

One characteristic of Arabic text is that it is written
cursively. Cursive script adds challenges to Optical
Character Recognition (OCR) systems, particularly to
the segmentation process. In addition, Arabic language
has 28 basic letters. Twenty-two of them can have four
basic different shapes based on the letter position (i.e.,
start, middle, end, or isolated). These letters appear as
standalone letters or connect from left, right or both
sides. These letters are (Beh «, Teh <, Theh &, Jeem #
, Hah z, Khah #, Seen us, Sheen (&, Sad u=, Dad U=,
Tah L, Zah L, Ain g, Ghain ¢, Feh <, Qaf &, Kaf &,
Lam J, Meem ¢, Noon ¢, Heh -, and Yeh ). The rest
of them (Alef i, Dal », Thal 3, Reh , Zain J, and Waw
) can have two basic shapes and they appear as isolated
letters or they are only connect from right. The number
and the position of dots that attached to Arabic letters
play significant role in differentiating among letters. For
example, the letter (Beh) has only one dot below the
body of the letter, the letter (Teh) has two dots above the
letter’s body, and the letter (Theh) has three dots appear
above the letter’s body. All of these letters (i.e., Beh,
Teh, and Theh) have the same body shape.

Table 1 shows different shapes for some basic Arabic
letters based on their position within the word. In
addition, overlapping and vertical stacking are resulting

either from combining two letters or from prolonging
for decorative purpose. Overlapping can cause
difficulties in segmentation process since that the
overlapped letters are difficult to be separated. Figure 3
shows some of these challenges:

a) Overlapping of two letters.

b) New shapes can be resulted from combinations of
different letters, (e.g., vertical stacking and
overlapping).

c) Different letters can have the same shape but dots
distinguish them.

d) The same letter can have different shapes based on
the position (e.g., start, middle and end) of the letter
within a word.

Table 1. Basic shapes of some arabic letters.
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Figure 3. Some characteristics of Arabic text.

The organization of the paper is as follows: Section 2
introduces the literature review of developing and
presenting bilingual datasets and bilingual recognition
systems. The overview of the proposed dataset and the
construction process are described in sections 3, and 4,
respectively. Experiments that are conducted using
some images of the dataset are reported in section 5.
Section 6 presents the conclusion.

2. Literature Review

In this section, we present some research efforts pursued
in developing bilingual/multilingual text datasets. We
concentrate on Arabic text datasets. We also present
some recognition systems of bilingual text.

2.1. Bilingual/Multilingual Text Datasets

Chtourou et al. [13] proposed an offline dataset for
handwritten and printed text recognition purposes
named Arabic-English Text Images Database (ALTID).
The proposed dataset consists of 731 pages of English
and Arabic printed documents. The scanned documents
include 1845 Arabic text-block images and 2328
English text-block images. The handwritten dataset
consists of 460 Arabic and 582 English text-blocks
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images. All images were scanned at 300 dpi resolution.
The ground truth of the dataset is provided. Pal and
Chaudhuri [32] prepared a multilingual printed text line
images dataset for script identification. The dataset
consists of 700 document images containing around
25000 text line images written with five languages
English, Chinese, Arabic, Devanagari and Bangla. In
the Maurdor project [10], a dataset of handwritten and
printed text images was prepared for improving
automatic processing of digital documents. This dataset
includes 10000 document images where French text
images represent 50%, English text images represent
25%, and Arabic text images represent 25% of the
documents. Chernyshova et al. [12] proposed a
multilingual a dataset called MIDV-LAIT for identity
documents recognition. The main feature of the dataset
is the textual images in Perso-Arabic, Thai, and Indian
scripts. Mobile Identity Document Video - Latin, Perso-
Arabic, Indian, and Thai scripts (MIDV-LAIT) MIDV-
LAIT dataset includes 180 unigue documents and 3600
images. It contains identity cards, passports, and driving
licenses from 14 countries. Al Maadeed et al. [4]
presented an Arabic/English handwriting dataset called
Qatar University Writer Identification dataset (QUWI).
The dataset consists of 4086 scanned documents with
600 dpi resolution. These documents were written by
1017 writers. According to the authors, the dataset could
be used in different research areas such as writer
identification, gender identification, age identification,
nationality identification, and handiness of a specific
writer. Djeddi et al. [15] introduced an offline
Arabic/French handwriting dataset LAMIS- Multi-
Script offline Handwriting Database (LAMIS-MSHD)
(LAMIS-MSHD) to be used in different researches such
as signature verification, writer identification, and text
segmentation and recognition. LAMIS-MSHD dataset
consists of 600 Arabic and 600 French handwriting text
samples, 1300 signatures and 21,000 digits. These
components were written by 100 writers using 1300
forms. The documents were scanned using 300 dpi
resolution.

Lin et al. [23] developed a dataset by collecting 1517
images from bilingual Chinese and English magazines
and newspapers. These images included 29907 text lines
and 548508 components (i.e., Chinese letters, English
alphabets, and punctuations). In Hassan et al. [18], the
dataset consists of 910 gray-scale images scanned at 300
dpi resolution. The 910 images contain English/Hindi
script and English/Bangla scripts. These pages were
collected from supplementary books such as
guidebooks and language training books. The dataset of
Dhanya et al. [14] consists of gray scale images scanned
at 300 dpi resolution. The scanned documents contain
English and Tamil scripts. Khoddami and Behrad [21]
provided a dataset that contains gray scale images of 62
Farsi pages and 37 English pages. Each page consists of
28 text lines in average. The resolution of the page
images is 300 dpi. The source of these images is the

internet. The scripts of Farsi and English were written
with three fonts, different sizes, and different font styles
(e.g. natural, bold and italic). Rani et al. [37] prepared a
dataset of gray scale images of 5212 Gurmukhi words
and 6188 English words and numerals. The words were
collected and scanned from books, magazines, and
newspapers. Chanda et al. [11] prepared a dataset by
scanning Thai/English text from newspaper and books
at 300 dpi resolution. The dataset consists of 5000 gray
scale images of Thai words and 5000 gray scale images
of English words. The words were written using
different fonts and different sizes. Philip and Samuel
[35] prepared a dataset that consists of gray scale images
of around 1000 Malayalam and English words. The
words were collected from different textbooks and
magazines and scanned at 300 dpi resolution. Mathew
et al. [29] used a dataset of Hindi languages and English
that consists of more than 55000 scanned images of
printed documents. It includes around 1500 pages of
English and the remaining pages represent 12 Hindi
Languages. Contents of these images such as words
were used for recognition purposes and script
identification. Bartos et al. [9] introduced a public-
domain dataset namely T-H-E Dataset for recognition
purposes. T-H-E Dataset includes 156000 handwritten
Turkish, Hungarian and English characters collected
from 200 participants and scanned using 300 dpi
resolution. The validity and applicability of the dataset
were evaluated and confirmed by carrying out some
recognition  experiments using deep learning
techniques. Hamdi et al. [17] proposed a multilingual
dataset, namely NewEye, for developing and evaluating
named entity recognition systems. The dataset is
comprised historical newspaper images and contains
four corpora German, Finnish, Finnish and Swedish.
Each corpus is split into 80% for training process, 10%
for validating process, and 10% for testing process. The
dataset contains 30580 named entities such as person,
location, organization, and human production.

2.2. Arabic Text Datasets

Al-Muhtaseb [6] proposed two datasets named PATS-
A01 and PATS-A02 for Arabic text recognition. The
first dataset consists of 2766 text line images and the
second one consists of 318 text line images. The images
of the datasets were created by the computer with 300
dpi resolution and binary colors (i.e., black background
and white text). The text of the images was written with
eight fonts (e.g., Arial, Tahoma, Akhbar, Thuluth,
Naskh, Simplified Arabic, Andalus, and Traditional
Arabic) and font size 18 points. Slimane et al. [40]
proposed an Arabic printed word images dataset namely
Arabic Printed Text Images (APTI). The proposed
dataset included 45313600 Arabic word images with 72
dpi resolution with more than 250 million characters.
These word images were resulted form 113284 various
words written with 10 different fonts, 4 different styles,
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and 10 different sizes (e.g., 6, 7, 8, 9, 10, 12, 14, 16, 18
and 24 points). The ground truth text of each word
image was associated as an XML file. Lugman et al.
[26] proposed a dataset named King Fahd University
Arabic Font Database (KAFD). KAFD consisted of 430
page images and about 10000 line images. These images
were organized into training, testing, and validation sets.
The text of the KAFD dataset is freely available with 40
different fonts, different sizes (8, 9, 10, 11, 12, 14, 16,
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18, 20, and 24 points), different styles (bold, bold-italic,
normal, and italic), and different resolutions (100, 200,
300, 600 dpi resolutions). Amara et al. [7] developed an
Arabic relational database for Arabic OCR systems
namely ARABASE. The proposed database consists of
digital images of documents, text phrases,
word/subwords, isolated characters, digits, and
signatures. Table 2 shows the survived datasets that
Avrabic is one of its languages.

Table 2. Surveyed printed text datasets.

Authors Dataset Language Fonts Font size Font styles Images Resolutio | Ground | Available
name (point) n (dpi) truth
Pal and Printed English, Not Not Not 25000 text line images Not Not Not
Chaudhuri Chinese, Arabic, | disclosed disclosed disclosed disclosed | disclosed | Awvailable
[32] Devanagari and
Bangla
Slimane et APTI Printed Arabic | Multi fonts | 6, 7, 8, 9, 10, Normal, 45313600 Arabic word 72 Attached | Available
al. [40] 12,14, 16, | Bold, ltalic, images
18,24 Bold and
Italic
Al-Muhtaseb | PATS- Printed Arabic | Multi fonts 18 Normal 2766 text line images 300 Attached | Available
[6] AO01/PA
TS-A02
Lugman et KAFD Printed Arabic | Multi fonts | 8,9, 10, 11, | bold, bold— 10000 line images 100, 200, | Attached | Available
al. [26] 12, 14, 16, italic, 300, 600
18, 20, 24 normal,
Italic
Chtourou et | ALTID | Handwritten and Not Not Not Printed: 300 Attached | Available
al.[13] printed disclosed disclosed disclosed 1845 Arabic text-block by contact
Arabic/English images and 2328 authors
English text-block
Handwritten:
460 Arabic and 582
English text-block
images
Brunessaux | Maurdor | Handwritten and Not Not Not 5000 French text 300 Attached | available
et al. [10] project | printed French, | disclosed disclosed disclosed images, 2500 English
English, and text images, and 2500
Arabic Arabic text images
Chernyshova | MIDV- Printed Farsi, | Multi fonts | Multi sizes Normal, 3600 images Not Not Auvailable
etal. [12] LAIT Arabic, Thai, Bold, Italic, disclosed | disclosed
and Indian

2.3. Bilingual Recognition Systems

Tounsi et al. [43] proposed a recognizing system for
Latin/Arabic text in natural scenes. They employed a
standard Bag of Features (BoF) model using SIFT
features. For the recognition purposes, they
implemented the Hidden Markov Models (HMMs)
computations using the HMM HTK toolkit [20]. Two
datasets were used in the recognition step; ICDARO3
[25] and ARASTI [42]. The reported mean recognition
accuracy was 79.2 % for Arabic and 91.7% for Latin
script using hybrid features. Hegghammer [19] reported
a benchmarking experiment comparing the performance
of Tesseract, Amazon Textract, and Google Document
Al on images of English and Arabic text. In their
recognition experiments, two datasets were used; Old
Books Dataset [8] and Yarmouk Arabic OCR Dataset
[16]. Their results showed that Accuracy for English
was considerably higher than for Arabic. Natarajan et
al. [31] introduced a methodology for multilingual
offline  handwriting recognition using HMMs
techniques. The system was built to process the scripts
of different languages (i.e., English, Chinese, and

Arabic) without the need of pre-segmentation or the
need of word and character segmentation. Different
datasets were used to evaluate the recognition
performance. The IAM dataset [28] was used to
evaluate English text, ETL9B corpus [38] was used to
evaluate Chinese text, and IFN/ENIT corpus [33] was
used to evaluate Arabic text. Lu et al. [24] presented a
multilingual recognition system to recognize the text of
three different languages: Arabic, English, and Chinese.
The introduced system used the HMM classifier to build
the character models. Eighty features such as intensities
of black pixels were extracted using the technique of
sliding window.

Bilingual OCR systems other than Arabic/English
OCR system were also investigated in order to study
their methodologies. Thomas and Venugopal [41]
proposed an OCR system for recognizing Malayalam
and English words without using script identification
method. Two extraction approaches were used;
Frequency capture and singular value decomposition.
The recognition rates were 98.56% for Malayalam and
98.56% for English. Lehal [22] presented a bilingual
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English/Gurmukhi  OCR  system using  script
identification technique. Statistical and structural
features were used for script identification. A rule based
bilingual engine along with language models such as
trigram models were used for recognition purposes. The
character recognition accuracy was 97.64%. Win et al.
[44] proposed a bilingual recognition system for printed
English/Myanmar text. The proposed system included
five main processes: preprocessing, segmentation,
feature extraction, classification, and post-processing.
Support vector machine was used as a classifier. The
reported overall recognition accuracy for the bilingual
text was above 90%.

2.4. Limitations of Survived Datasets

To the best of our knowledge, there is no
bilingual/multilingual OCR database available to the
research community that provides bilingual text images
at the page level as well as at the line level. Most of the
available bilingual datasets are language-specific and
provide their images in different sets based on the
language of the text images. This behavior requires
developing different recognition systems for each
language or modifying a recognition system to work
with different languages since that these systems are
language/script-specific [34]. Another limitation is the
size (i.e., number of images) of the datasets. The
available bilingual datasets contain a small number of
images, which can obstruct and affect the training and
testing phases. Image resolution is an important feature
in the image processing and text image recognition.
Preparing images with several resolutions is challenging
since that it required time, effort, and hardware
equipment. Most images of the available bilingual
dataset are provided with one resolution or low
resolution. In addition, many of the available bilingual
datasets are domain-specific, which may affect the
representations of some characters, and lack statistics.

The lack of the availability of Arabic/English printed
text datasets motivates us to prepare, build, and
implement a dataset for Bilingual (Arabic/English)
Printed Text Images (BPTI). BPTI addresses several
obstacles and shortcomings of the available
bilingual/multilingual datasets. BPTI has the following
characteristics:

1. The elements of the datasets are Arabic, English, and
bilingual printed text line images.

2. Two forms of images are included; scanned pages
and digitized lines.

. The Number of images are suitable.

. The images are prepared with different fonts,
multiple font sizes, and different resolutions

. The ground truth text and statistics are available.

. The texts of the Arabic images are written in Modern
Standard Arabic (MSA).

7. The size of the data is manageable.

B~ w

o Ol

8. All possible Arabic letter basic-shapes and English
letter cases are included.
9. Freely available.

3. BPTI Overview

BPTI is a multi-font, multi-size, and multi-resolution
bilingual Arabic/English text images dataset. Text of
BPTI is collected from several sources such as
electronic books, electronic newspapers and magazines,
and common news websites, and included different
topics such as religion, history, geography, literature,
sports, entertainment, technology, medicine, science,
etc.

Two forms of images are included; digitized lines
and scanned pages. Digitized images consist of 120 sets;
each contains 777 binary images of Arabic, English, and
bilingual text lines. Each set is written with one of 10
fonts (Adobe Arabic, Ae AlArabiya, Aljazeera, Calibri,
courier New, MS Sans Serif, Simplified Arabic,
Tahoma, and Times New Roman) and of four size (12,
14, 16, and 18 points), and prepared with one resolution
(100, 200, and 300 dpi). All images are prepared without
any font effects and styles such as bold, underline, or
italic. The reason of selecting these fonts is that these
fonts support Arabic and English text and are commonly
used. The total number of the digitized line images in all
sets is 93240. The scanned page images consist of 120
sets; each contains different number of page images
with similar settings (e.g., font names, font sizes and
resolution) to the digitized image sets. The total number
of the scanned page images in all sets is 4572. The total
number of the BPTI images is 97812. The structure of
BPTI dataset is shown in Figure 4.

Table 3 shows statistics related to the two groups of
the images of BPTI.
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Figure 4. BPTI structure.

Table 3. Statistics of BPTI.

Scanned Page Images Digitized Line Images
Font

Count | Resolution (dpi) | Font size (Point) | Total | Count | Resolution (dpi) | Font size (Point) | Total
Adobe Arabic 34 100. 200, 300 12,14, 16, 18 408 77 100. 200, 300 12,14, 16,18 9324
Ae AlArabiya 39 100. 200, 300 12,14, 16, 18 468 77 100. 200, 300 12,14, 16,18 9324
Aljazeera 44 100. 200, 300 12,14, 16, 18 528 77 100. 200, 300 12,14, 16, 18 9324
Arial 36 100. 200, 300 12,14, 16, 18 432 77 100. 200, 300 12,14, 16,18 9324
Calibri 37 100. 200, 300 12,14, 16, 18 444 77 100. 200, 300 12,14, 16, 18 9324
Courier New 36 100. 200, 300 12,14, 16, 18 432 777 100. 200, 300 12,14, 16,18 9324
Microsoft Sans Serif | 36 100. 200, 300 12,14, 16, 18 432 77 100. 200, 300 12,14, 16,18 9324
Simplified Arabic 46 100. 200, 300 12,14, 16, 18 552 777 100. 200, 300 12,14, 16,18 9324
Tahoma 37 100. 200, 300 12,14, 16, 18 444 77 100. 200, 300 12,14, 16,18 9324
Times New Roman 36 100. 200, 300 12,14, 16, 18 432 77 100. 200, 300 12,14, 16,18 9324

4. Construction of BPTI

As shown in Figure 5, the process of the construction
starts with text collection and editing, which creates the
ground truth text. For the scanned page images form,
constructed pages, from the ground truth text with
different fonts and font sizes, are printed and, then,
scanned with different resolutions. Different tools and
software are used in constructing the images of the
digitized lines form.

Text collection

! |

Pages form Lines form

. .

Prmtmg ‘ | Dugitized mmages construction |

Scanned page I
images

Figure 5. Construction processes of BPTI.

Image processing

[
[
‘ Digitized line images

4.1. Text Collection

The first task of text collection stage in creating the
dataset is collecting Arabic text, English text, and
bilingual text from several sources such as electronic
books as Express English [5] and common news
websites such as Al Arabiya [2] and Al Ekhbaryia Saudi
news channel [3].

4.2. Text Editing

The second task is to edit the extracted text and to
remove diacritics. It includes trimming leading and
trailing spaces, removing any two consecutive spaces,
removing any non-Unicode characters, and correcting
spelling mistakes. As a result of these processes (i.e.,
text collection and editing), we have prepared 777
bilingual text lines to represent the ground truth file.

4.2.1. Ground Truth Text Description

The 777 text lines that resulted from the text collection
stage represent the ground truth in the dataset. All
Arabic and English letter shapes, all Arabic and English
digits, and common punctuation marks are included in
the dataset. Only one space separated each two adjacent
words. In addition, no leading or trailing spaces are
existing. The text lines include lines with only Arabic
text, lines with only English text, and lines with
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bilingual Arabic/English text. The statistics (e.g., lines,
words, letters, punctuations, and numerals) of the
components for each language are presented in Tables 4
and 5. The ground truth contains 410 bilingual text lines,
which represents 52.7% of the total lines. Arabic text
lines represent 24.97% of the dataset with 194 lines.
English text lines represent 22.27% of the dataset with
173 lines.

Table 4. Statistics of arabic components.

Arabic text Count Percentage
Lines 194 24.97%
Words 5304 59.58%
Letters 22957 58.33%
Digits 356 47.79%
Punctuations 194 14.99%

Table 5. Statistics of english components.

English text Count Percentage
Lines 173 22.27%
Words 3598 40.42%
Letters 16401 41.67%
Digits 389 52.21%
Punctuations 1100 85.01%
Upper case letters 1673 4.25%
Lower case letters 14728 37.42%

Table 6. Statistics of Arabic characters (Letters, Digits, and
Punctuations).

Char | Count % | Char |Count % | Char |Count %
3 83 0.36 L 428 | 186 | 2 151 0.66
i 325 1.42 3 64 028 | & 183 0.8
L 221 0.96 i 101 | 044 | & 40 0.17
! 91 0.4 J 261 1.14 4 31 0.14
L 93 0.41 > 622 2.71 = 272 1.18
3 37 0.16 J 45 0.2 = 238 1.04
> 35 0.15 > 74 032 ] & 70 0.3
s 31 0.14 o 34 0.15 J 145 0.63
- 72 0.31 — 244 1.06 J 1725 7.51
- 35 0.15 e 212 092 | 4 626 2.73
& 30 013 | o= 44 019 | & 244 1.06
| 30 0.13 ] 30 013 ] » 130 0.57
L 39 0.17 < 85 037 | = 620 2.7
) 1601 6.97 o 108 047 | = 670 2.92
L 1465 6.38 e 30 0.13 ~ 160 0.7
s 34 0.15 ol 35 0.15 o] 196 0.85
& 215 0.94 -a 101 044 | & 255 1.11
< 55 0.24 -l 132 057 | < 396 1.72
= 368 1.6 o 30 013 | ¢ 294 1.28
- 281 1.22 ) 30 0.13 ° 60 0.26
-« 97 0.42 - 72 031 | =& 222 0.97
< 116 0.51 —a 66 029 | = 183 0.8
B 335 1.46 o 31 014 | « 135 0.59
= 512 2.23 b 31 0.14 K) 529 2.3
< 82 0.36 B3 64 028 | & 448 1.95
3 101 0.44 i 125 054 | ¢ 73 0.32
i 497 2.16 L 30 0.13 = 511 2.23
& 35 0.15 b 30 013 | = 603 2.63
4 35 0.15 B 33 014 | 394 1.72
4 110 0.48 ey 61 0.27 A 22 11.34
& 38 0.17 L 30 0.13 ‘ 85 43.81
z 31 0.14 | ¢ 40 [0a7] 25 | 12.89
2 177 0.77 = 325 1.42 { 32 16.49
-~ 184 0.8 2 414 1.8 . 38 10.67
= 32 0.14 | & 86 [037] , 30 | 1546
z 32 014 | ¢ 30 [043] 48 | 1348
A 161 0.7 < 50 022 ¥ 39 10.96
- 176 0.77 S 105 0.46 A 33 9.27
= 31 0.14 & 30 013 ] ¢ 35 9.83
¢ 32 014 | < 72 031 o 34 9.55
A 67 0.29 ) 342 1.49 1 31 8.71
A 118 0.51 Y 164 0.71 v 33 9.27
& 30 0.13 i 61 0.27 A 31 8.71
4 151 0.66 a8 30 0.13 4 34 9.55

Table 6 shows statistics related to all Arabic
characters including letters, numerals, and punctuations.
Regarding Arabic letters representation, the letter shape
(") has the maximum occurrences of 1601 times, with
6.97%. The letter shapes (i, |, &, U, &, o=, U, B, b,
L ¢, &, &) have the minimum occurrences of 30 times,
with 0.13% for each. Regarding Arabic numerals, the
digit (1) has the maximum occurrences of 48 times, with
13.48%. The digits (* and A) have the minimum
occurrences of 31 times, with 8.71% for each.
Regarding Arabic punctuations, the mark (<) has the
maximum occurrences of 85 times with 43.81%. The
mark (%) has the minimum occurrences of 22 times with
11.34%. These statistics are calculated according to the
same group. For example, the punctuation statistics are
calculated based on the total number of punctuation
marks.

Table 7 shows statistics related to all English
characters including letters, numerals, and punctuations.
For English letters, the letter (e) has the maximum
occurrences of 2067 with 12.6%. The letters (K, Q, and
X) have the minimum occurrence of 30 times with
0.18% for each. Regarding English numerals, the digit
(1) has the maximum occurrences of 57 times, with
14.6%. The digit (7) has the minimum occurrences of
33 times, with 8.48% for each. Regarding English
punctuations, the mark (,) has the maximum
occurrences of 278 times with 25.27%. The marks (@,
#, and $) have the minimum occurrences of 20 times,
with 1.82% for each. These statistics are calculated
according to the same group. For example, the
punctuation statistics are calculated based on the total
number of punctuation marks.

Table 7. Statistics of english characters.

Char| Count % |Char| Count % |Char| Count %
a 1192 727| D 42 0.26 : 96 8.73
b 206 126| E 93 057 | ? 22 2.00
c 440 268| F 37 0.23 , 278 25.27
d 471 287| G 43 026 | . 180 [16.36
e 2067 |126| H 57 035 ; 27 2.45
f 268 1.63| | 158 096 | ' 48 4.36
g 269 164 J 31 019| % 22 2.00
h 697 425| K 30 018| @ 20 1.82
i 1020 |6.22| L 58 035| # 20 1.82
j 39 024| M 52 032 $ 20 1.82
K 123 0.75| N 79 048 | ~* 24 2.18
| 667 4.07| O 82 050| { 26 2.36
m 391 238| P 71 043 } 26 2.36
n 1020 622 Q 30 018| [ 24 2.18
0 1169 713| R 38 023 ] 24 2.18
p 231 141 S 117 0.71 / 21 191
q 34 021| T 140 085| " 42 3.82
r 917 559 | U 34 021| 0 57 14.6
S 968 590 | V 31 019 1 40 10.2
t 1237 754 | W 71 043| 2 38 9.77
u 465 284 X 30 0.18| 3 38 9.77
\% 177 1.08( Y 31 019| 4 37 9.51
w 241 147 Z 34 021| 5 34 8.74
X 55 0.34 ! 21 191| 6 38 9.77
y 327 199 & 22 200| 7 33 8.48
z 37 023 | + 28 255| 8 35 9.00
A 145 0.88 - 27 245( 9 39 10.0
B 62 038 ( 41 3.73
C 77 0.47 ) 41 3.73
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4.3. Image Construction

The following two sub sections describe the process of
creating the two forms of the images of the dataset; the
scanned page and digitized line images.

4.3.1. Scanned Page Images Construction

To prepare scanned page images of BPTI dataset, we
have followed the following procedure:

1. The text of the ground truth are saved as Microsoft
Word documents.

2. All word documents are printed with ten fonts and
four font sizes (i.e., each file is printed with one font
and one font size).

3. The color of the text is black while the color of the
background is white.

4. And the resulted printed pages are scanned using a
scanner with 100, 200, and 300 dpi resolution and
saved as grayscale Tagged Image File Format (TIFF)
images. As a results, we have created 93240 scanned
page images. Figure 6 shows an example of a
scanned page image from the dataset BPTI.

I haven't ever seen such wonderful paintings 4=l & gaal! sds Ja Jh 4 1551 ol
1l sl 25 Each g oadd a3 B G & gamall 5 s3 (8_eaill RausS Every piddion
He was carrying a suitcase in each hand. Each of my parents

He [got] the car from his friend .aiius oo 3l de o o2

o pmes L @3l8 Get + Noun + Noun e e sl 12 £

o ey 3l b Get + Noun + To + Verb &iee e sz 130

Sl pass e (B8 (35 peast There puses

Both these reads go to Rome, you can go either way [Either]

You can either call me at home or the office ool 5T drall piilgs of elaSe,

| use the font Times New Roman when writing essays

He used to use hypocrisy in dealing with us, but now he is honest

Al ylenll (3 LS uplally plalal shomll Apa i oLl pnse Lol U Keep 2801 Ol o5
Object to + -ing; Have an objection to + -ing

I am used to waking up at 0700 am

He wasn't used to speaking English every day until he moved to Canada

Ge B30 e Byl A Bges Ropdoil ARU1 3 { froms i el Bl e a2l

You are smart. Are you smart? Yes, I'm smart 7,52 =il

Question: Do you like reading? Answer: Yes, | read all the time

Where did the cat sit? The cat sat on mat Sakill es ol

He is the man who came yesterday s sl 53 el g0

Al AeN1 Who & Which Jlaail Cr 830mma abs dadeg bl Eempill a3 1S

Figure 6. Scanned page image.

4.3.2. Digitized Line Images Construction

Line mages of the dataset were created using the ground
truth as follows:

1. The 777 text lines were opened with Microsoft Word
with ten fonts and four font sizes (i.e., each file is
opened with one font and one font size).

. Each text line is written in one page.

3. The color of the text is white while the color of the

background is black.

N

Table 8 depicts a text sample written with the used 10
fonts. For each font size (12, 14, 16, and 18), we have
10 word files, which are saved as Portable Document
Format (PDF) files in order to convert them into TIFF
files. Each page, which represents a line text in the PDF

files, is converted into separated TIFF images with the
following settings:

1. Black and white for the color space.

2. 100, 200, and 300 dpi for the resolution. For each font
with one font size and one resolution, 777 text line
images are created and categorized as pone set. The
resulted TIFF images from the previous stage need to
be processed for recognition purposes. This process
includes deleting the surrounded background white
pixels and binarization. As a result, we have created
93240 binary line images. Figures 7, 8, and 9 depict
some of the images that resulted from different
stages.

Table 8. Bilingual text images written with 10 fonts.

Font Bilingual text
What is Grammar? § gl g0 L
What is Grammar? tgaill ga Ip
Aljazeera What is Grammar? faaill ga La
Arial What is Grammar? Soxil 9 b

Adobe Arabic
AeAlArabiya

Calibri What is Grammar? S gl g2 Lo
Courier New | What is Grammar? €gxill g2 Lo
Microsoft Sans ; 2 Qomi

Serif What is Grammar? € g=ill o3 lo
Simplified i 2 e s
Arabic What is Grammar? ¢ =il 58 L
Tahoma What is Grammar? Sg=Jl ¢o bo
Times New 71 o i 0 ¢ sl 1
Romian What is Grammar? ¥ il 32 Le

What is Grammar? 93l 2 L

Figure 7. Bilingual text from ground truth.

hat is Grammar? € g=ll 92 Le

Figure 8. Text line image surrounded by white area resulted from a
PDF page.

What is Grammar? ¢ goall 92 Ls

Figure 9. Binary text line image after removing the surrounded white
area.

Figure10 shows an Arabic text image written using
Tahoma font. Figure 11 shows an English text image
written using Times New Roman font. Figure 12 shows
a bilingual text image written using Calibri font.

wlis] Lo S log walisl Lpio 8)lei Lo daixo dga> g,V

Figure 10. Arabic text image written with Tahoma font.

They would have succeeded if they'd studied hard

Figure 11. English text image written with Times New Roman font.

She is happy because she is generous &S g34S suuas ()

Figure 12. Bilingual text image written with Calibri font.
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5. Experimental Evaluation

Our proposed BPTI dataset can be used for different
research purposes and techniques other than text
recognition, such as font recognition, language
identification, and page and line segmentation. In order
to evaluate the usefulness of the BPTI dataset with some
of these techniques, a number of experiments are
conducted and their results are reported. This Section
presents the computations of the HMM and its parameters and
settings, and the features that have been used in the
classification experiments of the bilingual text using the
scanned page and digitized line images.

5.1. HMMs

According to Pl6tz and Fink [36], HMM is a common
classifier used for text recognition. Each shape of
Arabic letter is represented by an HMM and the entire
text line is represented by composed HMMs. Each letter
image is represented by a two-dimension feature vector
0=0;, 02, 03, .., 0, Where oris a character feature vector
observed at frame /. The problem of character
recognition can be considered as finding a sequence of
characters that maximizes the probability (£;/0) as:
9 = (p(cil0)) (1)

Where ¢ is the ith character and ¢ is observation
vectors.

Using Bayes’ Rule, the probability of Equation (1),
can be computed as:

P(0|CHP(Cy) )
P(0)

Where (©/¢;) is a likelihood, (¢;) is the prior
probabilities of a character and (©) is the observations
probability.

Thus the most probable character, for a given prior
probabilities of a character (<), depends only on the
likelihood function (0/C;). The probability of
generating the observation sequence & by the model 47
moving through the state sequence .5'is calculated as the
product of the transition probabilities «z/ and the
emission probabilities bj (o02):

P(O, SlM) = alzbz(ol)azzbz(oz)a23b3 (03) ees (3)

Given that S is unknown, the required likelihood is
calculated by summing over all possible state sequences
S=5s(1), s(2), s(3), .. ()

F

POIM) = ) aswsn | [Bsn()asnsiren (4)
N t=1

P(Cil0) =

Where (0) is the entry state and (/+1) is the exit state.
The likelihood function can be approximated by only
considering the most likely state sequence:

F
P(0IM) = max {as«»s(n [1] bS(f)(Of)aS(f)S(fﬂ)} (5)

t=1

Where P(0O|M) is an alternative to Equation in (4).

5.2. Codebook Sizes and Number of States

We have conducted different experiments with different
combinations of codebook sizes and number of states. A
codebook is a collection of nodes where each node
represents a set of observation vectors. A state is an
observations vector of a vertical segment of a given text.
The range of the used codebook sizes was between 40
and 350 with step 10 (e.g., 40, 50,..., 340, and 350). The
range of the used number of states was between 4 and
20.

5.3. Feature Extraction and Sliding Window

We use statistical information (e.g., pixels’ density) as
feature type with a sliding window as a feature
extraction technique. A sliding window consists of a
specified number of blocks of predefined width and
height stacked vertically. The feature extraction process
works by sliding a window, horizontally, from the
beginning of the text line image to the end in order to
extract features. These features include, for the current
position of the sliding window over the text image, the
summation of white pixels in each block, the summation
of white pixels in each two consecutive blocks, the
summation of white pixels in all blocks, and the
summation of black pixels in all blocks. Figure 13
shows the concept of the sliding window; segments (A),
(C), and (D) are examples of a sliding window at
different positions on a line image. Segment (B)
represents two-overlapped windows.

Image width (w1)

]Mhat is Grammar? ‘-Lgai-“ P LA‘

(A) (B) (<) (D)

Figure 13. A sliding window of 10 vertical blocks.

5.4. Performance Metrics

We use two metrics in order to evaluate the recognition
performance: Correctness and Accuracy. These two
metrics are based on counting of total samples
(samples), substitutions (Sub), insertions (Ins), and
deletions (Del) of samples. The equations of these
metrics are defined as follow:

Correctness = S2mples—Sub=Del 14 (6)
Samples
Samples — Sub — Ins — Del
Accuracy = d X 100 (7)
Samples

5.5. Experimental Results Using Scanned Page
Images

In these experiments, we used all pages with 300 dpi
resolution, 10 fonts, and 18 points for the font size. As
a result, we have 381 page images. We have segmented
these images by specifying the centroids of the blank
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areas between the text lines. This method depends on,
first, computing the horizontal projections of the
inverted binary page image. Then, finding the zeros
projections, which represent the blank regions between
the text lines. Third, computing the centroids of the
blank regions. Each centroid represents the end of a text
line image and the start of the next line image. The
regions located between these two centroids are
segmented out of the image page as a text line image.
As a result of the segmentation process, we have 777
text line images for each font. We have selected 155 text
line images randomly to represent the testing group. The
remaining unselected 622 text line images are used for
training the HMM. The generated testing group was
used in each single font classification experiments.
Table 9 shows the highest recognition rates of each
single-font text recognition experiments. The achieved
highest correctness was 97.86% and the highest
accuracy was 97.73% for Tahoma font. These rates were
achieved using a codebook size of 340 and 17 HMM
states.

Table 9. Correctness and accuracy of single font experiments in the
scanned page images.

Font SCIZ States | Correctness % | Accuracy %
Adobe Arabic 202 9 96.1 95.76
Ae Alarabiya 119 14 97.18 96.99

Aljazeera 170 | 11 96.45 96.12

Arial 140 15 96.86 96.3

Calibri 155 14 95.14 95
Courier New 170 18 97.31 97.01
Microsoft Sans Serif | 310 14 97.82 97.7
Simplified Arabic 171 | 13 97.79 97.69
Tahoma 340 17 97.86 97.73
Times New Roman 114 16 97.06 96.95

5.6. Experimental Results Using Digitized Line
Images

For the training and testing in the classification of the
digitized line images, we have used 10 sets from the
digitized line images form. Each set is prepared with
300 dpi resolution, written with one of 10 fonts, and 18
points for the font size. We have selected 155 text line
images randomly to represent the testing group. The
remaining unselected 622 text line images represent the
training group and are used to train the HMM. The
generated testing group was used in each single font
classification experiments. The highest results for each
font are summarized in Table 10. One main reason for
the high achieved rates is that these digitized text
images, which are created by a computer, are free from
noise and also free from any degrees of skew (tilt). In
addition, the used technique bypasses the need for
segmentation of Arabic/English text on character or
word levels, which is error-prone. Finally, feature
extracting technique was designed and implemented to
extract features that could represent, accurately, Arabic
and English characters.

Table 10. Correctness and accuracy of single font experiments in the
digitized line images.

Font CB Size| States |Correctness %| Accuracy %
Adobe Arabic 110 7 98.43 98.39
Ae Alarabiya 330 11 98.89 98.89
Aljazeera 160 12 97.98 97.76
Arial 150 12 98.77 98.64
Calibri 170 8 98.36 98.21
Courier New 150 20 98.63 98.63
Microsoft Sans Serif | 310 12 98.67 98.67
Simplified Arabic 100 8 97.64 97.33
Tahoma 320 15 99.01 99.01
Times New Roman 130 12 98.87 98.86

5.7. Language Identification

Language identification could be used in multilingual
OCR systems to identify used languages to enhance
preprocessing tasks, feature selection, and increase
recognition rates. In the language identification
experiments, we used the same training and testing sets
that were used in the classification of the digitized line
images. The HMM classifier is used to detect the
language of text images at the word level. The ground
truth text of our datasets was modified to represent the
language of the character instead of the character itself.
We used “A” for an Arabic character and “E” for an
English character. Figure 15 shows the coded ground
truth of the text line image shown in Figure 14 using the
new coding method. Then, we train the system to
identify the language of each character using the same
modules of our recognition system. Finally, a number of
language identification experiments were conducted
using the images of the testing set.

The voting will be held at 7,45 Vc£0 deludl § ¢l58Y) 4

Figure 14. Example of a Bilingual text line image.

EEESEEEFEESFEEESFESEEEERFESEEEESAAAARAAALAARAARAAAAANAARANANL

Figure 15. Updated ground truth of the example of Figure 14.

Table 11 shows the average rates of identifying
word-language per used font. The average rate is
computed by dividing the count of correct identified
words by the total words. Word-language identification
average is computed by calculating the average of all
testing group rates for a font. The highest rate was
99.98% for Tahoma font.

Table 11. Word-Language identification rates.

Word-Language Word-Language
Font Identification Font Identification
Rate % Rate %

Adobe Arabic 99.88 Courier New 99.84
AE Alarabiya 99.92 Microsoft Sans Serif 99.87
Aljazeera 99.94 Simplified Arabic 99.79
Arial 99.75 Tahoma 99.98
Calibri 99.60 Times New roman 99.81

5.8. Tools and Programming Code

All tools and programming code used in this research
work can be reached through the following link:
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https://drive.google.com/drive/folders/1iFt12jrkbZDRO
XtRoQY p-akmuZpjm5G0

6. Conclusions

In this paper, we presented a bilingual dataset namely
BPTI. The dataset BPTI consists of two forms of
images; Scanned page and digitized line images. The
scanned page images consist of 120 sets and a total of
4572 images. The digitized images consist of 120 sets;
each contains 777 binary images of Arabic, English, and
bilingual text lines with a total of 93240 images. For
both forms, each set is written with one of 10 fonts and
one of four sizes (12, 14, 16, and 18 points), and
prepared/scanned with one resolution (100, 200, and
300 dpi). Statistics, which are related to the ground truth
and images, were presented. In addition, the ground
truth text, which represents the text of the images, is
available. BPTI is available freely throughout
communicating with the 1st author of this research
work. To assure the usefulness of the dataset, a number
of  recognition, segmentation, and language
identification experiments were conducted. For the
digitized text recognition experiments, Tahoma has
shown the highest performance with 99.01% for
correctness and 99.01% for accuracy. For the scanned
text recognition experiments, Tahoma has also shown
the highest performance with 97.86% for correctness
and 97.73% for accuracy. For the language
identification experiments, Tahoma has shown the
performance with 99.98% for word-language
identification rate.
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