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Abstract
The Ottoman script, which was in use for over five centuries, is an Arabic alphabet-based writing system. It became obsolete
after the change of alphabet in Turkey. There are plenty of Ottoman documents, overwhelmingly printed in Naskh style. This
work presents a DL-based character recognition system for the printed Ottoman script. We first generate a synthetic text image
dataset from a text corpus and then augment it using some image processing methods. We develop a hybrid convolutional
neural network-bidirectional long short-term memory recognizer and train it with the original and the augmented datasets.
Finally, we apply a transfer learning procedure for adapting the system to real image data. The proposed system obtains 0.11
CER on synthetic data and 0.16 CER on real data comprising of line images from a printed historical Ottoman book.

Keywords Ottoman text recognition · Optical character recognition · Deep learning · Turkish

1 Introduction

Optical character recognition (OCR) is the computer tech-
nology for converting text images intomachine-encoded text.
Using a suitable OCR method, images of handwritten, typed
and printed texts can be converted to a computer-readable for-
mat, making these documents editable and searchable. OCR
studies date back to the 1950s [36] with a primary focus on
recognizing printed text. The recognition accuracy of mod-
ernOCR systems is increasingwith the advances in computer
vision, natural language processing (NLP) and deep learning
(DL) [37]. Nevertheless, the recognition problem is still far
from being solved for documents with poor image quality,
especially for specific scripts, fonts and handwriting.

Most of the earlier studies were targeting OCR of Latin-
based scripts. Other writing systems started to receive
attention in the last few decades. In parallel with this trend,
there is a recent increase in the number of studies on OCR
of Arabic and Arabic alphabet-based scripts like Urdu, Per-
sian and Pashto [4, 39, 60, 69]. Such writing systems share
the common feature of cursiveness and contextual character
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shape variance which introduce extra challenges for OCR
tasks and directly affect the recognition performance.

The Ottoman script is based on the Arabic alphabet as
well. It was a writing system of the Turkish language for
several centuries until it was replaced with the modern Turk-
ish script, which is based on the Latin alphabet, in 1928.
Today, the Ottoman script is readable to only a limited num-
ber of scholars and enthusiasts. However, there is a huge
number of printed and handwritten Ottoman documents pre-
served in archives, libraries, museums and private collections
in different countries. For instance, there are approximately
25, 500 records forOttomanTurkish books that are published
between 1729 and 1928 in one of the standard catalogs of
Turkish literature [41]. The total number of manuscripts and
printed materials other than books is much higher than this
figure.

On the other hand, the recent upsurge of digitization of
Ottoman documents resulted in many institutions’ opening
up their collections in the form of digital images. However,
the content of the documents is not readily accessible since
these documents are not converted to editable and searchable
digital text.

OCR and text recognition technologies can be a solution
to this problem in the form of automated and semi-automated
conversion systems. Existing OCR systems that are designed
for the Arabic script do not provide a viable solution for the
Ottoman script because it has extra characters that donot exist
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in the Arabic alphabet. Furthermore, differences between
languages of training data can have a negative effect on
recognition output since models can learn character depen-
dencies from the training samples, incorporating an inherent
character-level language model into the optical recognition.
A better solution would be a recognition system explicitly
designed for theOttoman script.However, developing amod-
ern recognition system requires a sufficiently large training
dataset to achieve state-of-the-art recognition performance.

Unfortunately, there is no publicly available dataset for the
Ottoman script. Generating such a dataset requires collecting
a sufficient amount of image data and then labeling it man-
ually which is an error-prone and time-consuming task. A
recent solution to the data scarcity problem is using synthetic
data for training recognition systems [34, 35, 60]. Generat-
ing data that mimics real data is an efficient way of creating
abundant training data for supervised systems. Synthetic and
real data are usually used together within a transfer learning
scheme.

This study presents a DL-based character recognition sys-
tem for the Ottoman script. In this work, we first synthesize
data by rendering images from a corpus of Ottoman text to
obtain a sufficiently large training dataset. Then, we augment
this dataset by exploiting some image processing methods to
increase its size.We train a neural model with the augmented
data, and finally, we use the transfer learning (TL) technique
to fine-tune the system with real data. Also, we evaluate the
option of using some standard Arabic datasets from the liter-
ature to recognize the Ottoman script and vice versa. Our
contributions are as follows; (i) we generate a corpus of
Ottoman digital text from the web, (ii) we construct a syn-
thetic machine-printed Ottoman line image dataset using the
corpus, (iii) we increase the size of the dataset by augment-
ing original data using some image processing techniques,
(iv) we develop a recognition system for machine-printed
Ottoman script (v) we adapt the system to recognize char-
acters in line images extracted from real books and (vi) we
report on the usability of datasets with a language other than
that of the evaluation data.

The rest of the article is organized as follows; Sect. 2 intro-
duces the Naskh style and the challenges of the Ottoman
script are explained in Sect. 3. In Sect. 4, a summary of
the related work is presented. Section5 contains informa-
tion about the proposed solution including the details on the
dataset and methodology used. The experiments and results
are described in Sect. 6. Section7 contains remarks on the
experimental results and a conclusion and future work is pre-
sented in Sect. 8.

2 Naskh style

Naskh is one of the most popular calligraphic styles for
Arabic alphabet-based scripts. It was preferred in producing

Fig. 1 The Ottoman characters with positional shapes. Letters that do
not join to the left have no separate medial and initial forms. In that
case, the final form is used in the medial position, and the isolated form
is used in the initial position

Fig. 2 Multiple glyphs for three Arabic symbols with the DecoType
Naskh font, all shown with red color. On the left; glyphs for isolated �,
in the middle; glyphs for medial � and on the right; glyphs for medial

�. Best viewed in color

handwritten documents and manuscripts where legibility is
essential. Naskh has been widely used in printed documents
and books as well. There are many digital fonts based on the
conventional Naskh style.

Naskh has a large predefined set of character shapes. There
are several reasons for that abundance of character shapes.
The Arabic characters take different forms according to their
position in a word (i.e., the initial, medial, final and isolated
forms) as depicted in Fig. 1. In addition to the contextual
forms, stylistic forms of Naskh provide alternative charac-
ter shapes (see Fig. 2). Moreover, multiple characters can
be represented together by a ligature (see Fig. 5) which
further increase the size of the glyph set. Also, the Naskh
style provides shapes for ‘Harakat,’ which are tiny diacritic
marks used to show some unrepresented vowels, especially
in manuscripts.

All of the Naskh fonts are designed based on the Naskh
calligraphic style. However, some of them do not include
all alternative forms of a character. Also, they differ in the
rendering of the shapes; some of them closely reflect the
conventional Naskh style (e.g., DecoType Naskh variations),
while others apply some simplifications (e.g., Microsoft Tra-
ditional Arabic).
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Fig. 3 The spacing problem of the Ottoman script: a a line from a
printed book, b word boundaries marked with red bars in the line, c
words from the line which have within-word spaces due to non-joiner
characters, d suffixes ending with non-joiner characters; suffixes are
shown in boxes each marked with a different color

Naskh had widespread use in handwritten Ottoman docu-
ments. Similarly, most printed historical Ottoman documents
have the Naskh style as the primary font type, while other
calligraphic styles can be found in headers and title pages.
Following that tradition, much of the contemporary works,
both printed and digital, favor Naskh.

3 The Ottoman script

The Ottoman Script is a cursive writing system where the
characters are written right-to-left by connecting to each
other. Being a derivative of the Arabic alphabet, the Ottoman
alphabet has 34 characters in total; 28 letters of the Arabic
alphabet with the addition of five extra symbols to repre-
sent some Turkish sounds. Figure1 shows contextual shapes
of the Ottoman characters. Some characters share the same
body shape and differ in only dots.

Some of the difficulties in recognizing the Ottoman script
arise from some features of the Arabic script, such as cur-
siveness and contextual character forms. There are several
additional challenges specific to theOttoman script.One such
challenge stems from non-joiner characters which break the
cursiveness and create within-word spaces.

Modern Latin script-based writing systems use spaces
that usually denote word boundaries. However, the Ottoman
script has two types of space; between the words as word
separators and within the words due to the non-joiner char-
acters. Within-word spaces divide words into connected
groups of characters, i.e., sub-words or ligatures. Sub-words
may be meaningful individually, or they may be meaningful
only with other sub-words. To further complicate the issue,
between- and within-word spaces are usually used inconsis-
tently in many of the printed real texts, as shown in Fig. 3.

Self-meaningful sub-words and within-word spaces can
be confusing when determining word boundaries. Although
the within-word spaces problem is common for writing sys-
tems using theArabic alphabet, theOttoman script is afflicted
more severely because of the agglutinative nature of Turkish.
New words are generated by adding one or more suffixes to
the end of word roots in Turkish. In the Ottoman Script, some
of the most frequent suffixes end with non-joiner characters,

Fig. 4 Five different words share the same shape. The absent vowels
can be seen in the modern Turkish transcriptions given in the middle
column. The rightmost column contains the English translations. Here,
one Ottoman character maps onto multiple modern Turkish characters

so there aremorewithin-word spaces than in theArabic script
(see Fig. 3d).

Another challenge stems from the complex and sometimes
inconsistent orthography of the Ottoman writing system.
Although this one does not directly affect the character recog-
nition task itself, we include it for the sake of completeness.
In Ottoman script, some vowels are represented explicitly
with a character, while others are unrepresented but deduced
from the meaning of the word within the context. For exam-
ple, in Fig. 4, several words are written exactly the same with
two consonant characters, while they differ in the unrepre-
sented vowel in the middle position. Furthermore, there is no
standard orthography and the spelling of words can change
with the writer and the period of the document. That results
in the same word having different spellings.

4 Related work

This section presents a brief overview of works on the recog-
nition of printed texts relevant to this work. For the sake of
comprehensiveness, we include research onArabic alphabet-
based scripts related to our work. Since our work is focused
on the Naskh font type, we report results for recognition of
Naskh and Naskh-like fonts only. The section is organized
into two subsections: (i) recognition of the Arabic script and
(ii) recognition of other Arabic alphabet-based scripts

4.1 Recognition of the Arabic script

The literature on the recognition of printed and handwritten
Arabic documents is much richer than that on the Ottoman
script [4, 5, 8, 43, 48]. Due to the large set of contextual
shapes of characters and the cursive nature of the Arabic
script, Arabic text recognition systems have lower recogni-
tion accuracy than those designed for the recognition of Latin
alphabet-based scripts.HMMsare preferred overwhelmingly
in printed Arabic text recognition [2, 30, 38] while deep
learning-based approaches are getting popular for Arabic
handwriting recognition tasks [5, 7]. Also, some HMM-NNs
hybrid models are proposed in the literature [30, 50].

The cursive nature of the Arabic script makes it hard to
detect character boundaries inword shapes. Explicit segmen-
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tation of images intowords, part ofwords, characters and part
of characters before the recognition phase is a solution to
this problem. Alternatively, sequence learners based on spe-
cific techniques like HMMs and RNNs can perform implicit
segmentation and recognition simultaneously without any
need for explicit segmentation. An HMM system is used to
recognize text images of different scripts, including Arabic
in a script-independent OCR system in [38]. To overcome
image noise, pixel percentile features, which reflect the rate
of blackness with respect to image height, are devised. The
system, which is trained with 192 pages randomly selected
from the DARPA Arabic Machine Print (DAMP), obtained
0.03 CER on 102 pages of the same collection.

Another HMM-based recognition system is proposed to
recognize printed Arabic offline text in [29]. Some statistical
features are extracted by using the slidingwindow technique,
where each window is divided into a predefined number of
cells. Using a proprietary dataset of 1500 training lines and
1000 test lines, 0.14WER is reported for theNaskh font type.

The system introduced in [38] is improved further by uti-
lizing context-dependent HMMs, and parts of Arabic words
(PAW) language models in [46]. Context dependency of the
HMMs is provided with position-independent models where
a separate set of Gaussians is estimated for each state of
all HMMs associated with a particular character. Discrim-
inative training is preferred over the Maximum Likelihood
(ML) estimation for HMM parameters estimation. In a two-
pass recognition scheme, the system achieves 0.096WER on
60 images from the DARPA Arabic Machine Print (DAMP)
by utilizing a PAW trigram language model.

Another HMM-based recognition system is proposed by
Al-Muhtaseb et al. [6]. They use a novel hierarchical slid-
ingwindow techniquewith overlapping and non-overlapping
windows yielding 16 features. A dataset of line images is cre-
ated by using multiple fonts. 2500 training samples and 266
test samples are generated from the same source text for each
font type. Using seven states for each of the symbols from
a 128-element codebook, they obtained over 0.02 CER for
Naskh font.

A recognition system is proposed for low resolution
images of words synthetically generated using three complex
fonts in [62]. Two sets of hand-crafted features as features
common to all fonts and features specifically designed for
each font, are used in an HMM system. Utilizing a subset of
theArabic Printed Text Image (APTI) database, they propose
a two-step scheme with font identification and recognition
parts. The standard division of APTI is adopted as 75,557
word images for training and 18,868 word images for test-
ing. They report 0.025 CER for 24 pt. Naskh font. A similar
work proposes a bootstrapping method for character bound-
ary determination by HMM state number optimization in
small-size Arabic printed text recognition task in [27]. The

performance of thiswork ismeasured as 0.02WERand 0.003
CER on 6 pt. Arabic Transparent font subset of APTI dataset.

Printed text recognition systems can be designed to recog-
nizemultiple fonts andmultiple font sizes. Font identification
before the recognition phase is a viable strategywhen design-
ing multi-font recognition systems. For example, in [2],
the authors use an adaptive sliding window approach in
an HMM-based multi-font printed Arabic text recognition
system. In a two-step approach, a given line image is first
associated with the closest known font, which is then recog-
nized by the HMM system that was trained for that particular
font. In the case of unidentified fonts, the HMM associated
with themost similar font is adapted to the new data by super-
vised adaptation technique if there are a sufficient amount of
labeled data of unseen font or unsupervised adaptation oth-
erwise. They evaluate the system on five selected fonts from
the APTI dataset and obtain a CER of 0.036 on Traditional
Arabic font which resembles the Naskh font. Additionally,
they conduct experiments on the P-KHATT dataset they cre-
ated by scanning images of printed Arabic text lines. They
report 0.03 CER on 1424 test samples written in Naskh font.

NN-based approaches are also popular for the recognition
of text from images. A multi-dimensional long short-term
memory (MDLSTM)-CTC network is used for recognition
of word samples from the APTI dataset in [52]. Raw image
data as patches of pixels is fed to the network, and 0.006WER
and 0.003CERare obtained onNaskh samples.Another deep
network is presented in [30]. The authors propose an adap-
tive window positioning for HMM and deep neural network
(DNN)-HMMhybridmodels where a conventional sampling
window is repositioned to align its center such that it over-
laps with the center of gravity of the sampling area. They
report mean CERs of 0.015 and 0.002 in recognition of Tra-
ditional Arabic and Arabic Transparent subsets of the APTI
dataset, respectively, when the font type and size are known.
As for the DNN-HMM model, they report a mean CER of
0.03 from tests with multiple sizes of Arabic Transparent
subset of APTI.

A NN pipeline with three networks is presented in [49].
A document image is segmented into lines and sub-words
by using conventional projection-based methods. A NN is
designed to detect the font size of an input word for size nor-
malization. A three-window input containing a frame and
its left and right neighbors is used for capturing the context.
Then aCNN is employed to segmentwords or sub-words into
characters. Finally, another CNN is used to recognize charac-
ters from features output by the segmentation network. The
reported meanWER and CER of the system are measured as
0.056 and 0.014, respectively, on Arabic Transparent subset
of the APTI dataset.

In [50], authors use a hybrid network, combining a bag-
of-feature (BoF) framework for feature extraction based on
a deep sparse auto-encoder (SAE), and hidden Markov mod-
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els (HMMs) for sequence recognition. They replace the
k-means clusteringmethodwith anSAE for generating visual
vocabulary (codebook) of extracted local features in a BoF
representation. Using a sequence of BoF vectors extracted by
the sliding window technique, they train an HMM system for
open vocabulary, multi-size, multi-font and multi-resolution
Arabic printed texts. They report a 0.024 CER on Naskh test
samples of the P-KHATT dataset and 0.005 CER on Arabic
Transparent test samples of the APTI dataset.

Another deep learning-based system is proposed in [57].
Using explicit character segmentation, the authors employ
a CNN system to recognize multi-font, multi-size text line
images from the APTID-MF dataset [26]. The average CER
is increased from 0.05 to 0.078 by augmenting the data with
affine transformations.

Arabic script is used as a writing system for languages
other than Arabic as well. For example, Urdu and Farsi use
alphabets modified from the Arabic alphabet. There is a
recent increase in the number of works on recognition of
both handwritten and machine-printed text recognition in
such languages [23, 39, 53, 63, 66, 69]. In [45], an SVM
classifier is used to recognize sub-words represented with
features extracted by an Auto Encoder. The system is trained
and tested on a proprietary, single-font, multi-size synthetic
dataset and obtained 0.076 CER on B Nazanin font type.
Rahmati et al. [51] presents a similar system for Farsi, where
a CNN-LSTM network is trained with synthetic data. They
report 0.007 CER for a proprietary, single-font, multi-size
synthetic dataset generated with B Nazanin font type.

4.2 Recognition of other Arabic alphabet-based
scripts

There is quite a limited number of studies dealing with
Ottoman documents in the literature. Most of them focus on
the retrieval of Ottoman documents using traditional com-
puter vision techniques to map word shapes [9, 10, 12, 17,
56]. Some others constitute the early works on Ottoman
character recognition using conventional machine learning
algorithms with quite limited proprietary datasets [31, 32,
42, 68]. In a recent work, a CNN-based segmentationmethod
is used for spotting numerals on handwritten Ottoman doc-
uments [13]. Spotted numerals are then classified by a
systemwhich is trained on Arabic handwritten digit datasets,
employing the transfer learning method.

Recently, DL methods are employed for recognition of
Ottoman documents in several works. An LSTM network
is trained with hand-crafted features extracted from 169K
handwritten word images in [11]. The performance of the
proposed system is measured as 0.124 CER and 0.221
WER on a test set of images containing 1,000 unique
words. Dolek and Kurt [15] presents a DL-based solution
for printed Ottoman text line recognition. Using a Variable-

size Graph Specification Language (VGSL) prototype by
Tesseract-OCR engine, a CNN-LSTM network is trained
with both synthetic and real data. The system performance is
measured using the Ratcliff/Obershelp string-matching algo-
rithm, which calculates the similarity of two strings as the
number of matching characters divided by the total number
of characters in the two strings. They report a character recog-
nition rate of 88.86% and a word recognition rate of 64% on
21 pages of real data. Their test set recognition output is
publicly available. We calculate the system’s performance
as 0.148 using the conventional CER measure based on the
Levenshtein distance.

5 Proposed solution

We present a solution for the recognition of Ottoman printed
text with limited real data. Our approach is based on generat-
ing synthetic data from an Ottoman text corpus, augmenting
that data and applying transfer learning on the system trained
with the augmented data to recognize real data.

The synthetic data generation includes collecting an
Ottoman text corpus and its normalization, then segmenting
text into lines with appropriate lengths and finally rendering
images of the lines. It should be noted that the number of
images generated is determined by the size of the source text
corpus, which is relatively small in our case. An ad-hoc data
augmentation procedure is used to increase the dataset size.
Then, the synthetic data is used for training a CNN-BLSTM-
CTC network. The network is fine-tuned later with a limited
amount of real data containing line images extracted from a
printed Ottoman book.

We explain the details regarding each of these steps in the
rest of this section.

5.1 The need for an Ottoman dataset

A considerable amount of data is needed for developing an
OCR system using DL techniques. The generation of such a
collection requires acquiring samples first and then tagging
them with ground-truth labels. This is an error-prone, labor-
intensive and time-consuming task if donemanually.A recent
alternative to manual ground truth generation is using syn-
thetically generated text images of which labels are readily
available.

There are several rendered text image datasets for Ara-
bic [34, 60] and Arabic script-based languages as Urdu [53],
Farsi [25], Pashto [66] and Sindhi [23] generated at different
levels of granularity (i.e., character, ligature, word or line).
Although the Ottoman script is based on the Arabic alpha-
bet, several issues make existing Arabic script datasets less
usable for building a recognition system.
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Fig. 5 Examples of ligatures from Ottoman books printed in the 19th
century using a Naskh typeface; a ���

�	
, b ��	
, c 
� �
��, d 
� ��


First of all, the five additional letters in the Ottoman script
which do not exist in the Arabic alphabet (see Sect. 3) would
not be recognized correctly by an OCR system trained with
an Arabic dataset.

Character occurrence frequencies varybetween languages.
Similarly, statistics of character co-occurrences are differ-
ent for different languages. The Ottoman and Arabic scripts
are dissimilar in that sense. The occurrence frequency of a
specific character can directly impact recognition accuracy
based on how complex and various the shape of that charac-
ter is. For example, the occurrence of a ligature is directly
related to the occurrence of the characters constituting that
ligature in a certain order, which is a language-specific fea-
ture. The existence of complex and various shapes can make
the recognition task harder due to the difficulty of decom-
posing character groups and confusion with other letterforms
(see Fig. 5). Actually, ligature forms in Arabic can be amajor
source of recognition errors [61].

Finally, spaces occurring within words directly impact the
word shapes (see Sect. 3). They divide the word into parts
referred to as a part-of-Arabic-word (PAW). The number of
PAWs per word and the number of characters per PAW are
higher in the Ottoman script than in the Arabic script. For
instance, the average number of PAWs per word and the aver-
age number of characters per PAW for the Arabic script are
reported as 2.33 and 2.03 in [1], respectively. Using a corpus
of approximately 150K words, we found the average num-
ber of PAWs per word as 3.14 and the average number of
characters per PAW as 4.18 for the Ottoman script, which
indicates the Ottoman script has more within-word spaces
and longer connected character groups. Longer PAWs require
more rigorous effort for segmentation. Also, the frequency of
occurrence for non-joining characters is higher. That leads to
initial forms of characters occurringmore frequently. Table 1
gives some statistics regarding the datasets.

It is known that RNNs and their variants capture charac-
ter dependencies and incorporate a character-level language
model to the recognition process [35, 54]. Thus, the opti-
cal model is somewhat affected by the language of training
examples. The language of the training data and the test data
should be the same for better recognition performance. Con-
sidering the differences mentioned above, it is necessary to
have a dataset containing samples of Ottoman text images for

Table 1 Some statistics for the OPTI, APTI and P-KHATT Dataset

OPTI APTI P-KHATT

Num. of words 133K 113.3K 106.9K

Num. of unique words 40.3K 113.3K 32.7K

Num. of characters 756K 640K 601K

Num. of PAWs 308.4K 227.2K 205K

Num. of unique PAWs 10.9K 30.1K 18.2K

Avg. word length 4.8 2.4 2.4

Avg. PAW length 1.9 2.4 2.4

Avg. PAW/words 3.14 1.6 1.6

building a recognition system specifically for the Ottoman
script.

Unfortunately, there is neither a real image dataset nor a
synthetically generated image dataset that is publicly avail-
able. One of this work’s contributions is generating the
synthetic Ottoman script line image dataset and making it
accessible to researchers.

5.2 Synthetic data generation

A synthetic document image dataset can be generated by
several methods. Cropping words or characters from already
existing text images and composing them to words and lines
[35], blending text images with different backgrounds and
noise [14], rendering images of a given text [28, 34, 37] and
image-to-image translation [44] are some of the common
approaches eachwith different applicability in different prob-
lem domains. In this work, we use image rendering methods
to generate synthetic data of which the ground truth is readily
available. In our case, the ground truths are derived from a
large text collection.

5.2.1 Source text collection

In the text image recognition domain, a synthetic data is an
image of a symbol or a sequence of symbols with or without
a background. The symbols come from a predefined set like
digits or a specific alphabet. If the image contains a word,
it usually comes from a lexicon. When the text is a word
sequence, it is usually a sentence or an excerpt from a sen-
tence to represent the use ofwords in relationwith the context
better. Such sentences are generally derived from a large text
corpus which is sometimes referred to as the source text.

In order to obtain representative word sequences as lines
for line image generation, we need an Ottoman text corpus.
Within this study, such a text corpus is generated from online
resources that are publicly available. The corpus comprises
Ottoman texts covering various domains such as history, lit-
erature, law, geography and religion. Some of the texts are
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Fig. 6 Four different Unicode character sequences are used to render
the same word in the source text

typed from Ottoman documents created before 1928 while
the others are written by mostly unprofessional contempo-
rary writers. Due to the lack of a standard orthography for the
Ottoman Turkish, there is a diversity of spellings observed
in the corpus. Also, we built another collection containing
mostly literature texts dated before 1928, typed by a human
typist. These two collections are merged to develop a corpus
containing 133K words and 40.3K unique words.

5.2.2 Source text normalization

We observe that writers and content creators use different
Unicode symbol sequences to write the same word in differ-
ent texts, as exemplified in Fig. 6. In order to normalize the
source text to remove symbol variance, we first generate a list
of unique symbols. Then we map alternative symbols used
for a character to its general Arabic Unicode code.We end up
with a list of 72 symbols, including 41 letters, 19 punctuation
symbols, 10Arabic digits, space andZero-Width-Non-Joiner
(ZWNJ) character, which forces its previous character to take
its final form. ZWNJ usually follows � and �. It introduces a
break to the cursiveness of words. It should be noted that the
letter set includes some extra symbols like composite char-
acters, which have a single Unicode value, such as “Arabic
Letter Waw With Hamza Above” �� and “Arabic Letter Alef

with Madda Above”
�
�. No diacritic mark is included in the

symbol set.
The text collected from websites is organized in running

word sequences rather than lines and paragraphs. Similarly,
there are paragraphs of running sentences in the typed col-
lection. Therefore, we segment them into lines based on the
distribution of the number of words per line derived from
2528 real printed book lines. After the line splitting process,
we obtain 14, 800 lines with a minimum line length of 3
characters and a maximum line length of 99.

5.2.3 Image generation

After the corpus is normalized and split into lines, we render
images from text lines in grayscale. DecoType Naskh®True-
Type Font closely resembles the Naskh font used in Ottoman

Fig. 7 Examples from the real image dataset, some of which are
afflicted with imperfections like broken characters, touching charac-
ters, and faded or excessive ink

printedmaterials. Thereforewe use that font in rendering text
with 24 pt. font size on a solid color background using the
Python PIL library. We use the regular version of DecoType
Naskh font, which does not include more complex ligatures
covered in other versions such as Swashes and Variant. For
each line image, we generate the ground truth as Unicode
values of the characters in that text line. In that scheme, dif-
ferent positional forms of a letter are represented with the
same Unicode value.

The resultingdataset,OttomanPrintedText Image (OPTI),
is the first synthetic Ottoman text image dataset in the lit-
erature, to the best of our knowledge. There are 14, 800
grayscale line images in the OPTI dataset. It should be noted
that the size of the line image dataset, which is comparable
to sizes of similar datasets, is determined by the size of the
corpus we generated.

5.3 Data augmentation

When there is not enough data available, data augmentation
is a common technique to increase dataset size artificially
[23, 34, 53, 60, 66]. Several image augmentation methods
are used in the previous studies [3, 47, 53, 63, 69].

We design a pipeline of image manipulation methods
to mimic various distortions observed in printed historical
Ottoman documents, which can be seen in Fig. 7. Specifi-
cally, we add blotches of various sizes to break the characters
as in historical documents. We also use erosion, dilation
and opening to mimic the ink-related imperfections in real
images. The pipeline contains scaling and rotation around
the center as well. We apply all of the augmentations proba-
bilistically with randomized parameters.

The input of the augmentation pipeline is a 72-dpi
grayscale image. It is scaled by a percentage ranging from
80 to 120 with a probability of 0.7. A rotation by an
angle between ±3 degrees is applied with a 0.8 proba-
bility. Blotches of size 3 × 3 pixels are probabilistically
added to the image. The number of blotches is decided
as image width divided by image height. Then the image
is binarized before the morphological operations. A ker-
nel is chosen randomly from the set of kernels s =
{(1, 1), (1, 2), (2, 1), (2, 2), (1, 3), (3, 1)}. Either one of the
morphological operations is applied using the kernel, or the
image is kept unchanged probabilistically. The final image is
binary with a resolution of 72 dpi. The height of the image
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is not the same as the input image if it is changed by one or
more of the augmentation operations. Height normalization
is carried out as a preprocessing step (see Sect. 6).

5.4 Recognition of the Ottoman characters

Convolutional neural networks (CNNs) have been in use
for a while as an automatic feature extraction and recogni-
tion method in image recognition and pattern classification
tasks [33]. Their robustness to shape variations, distortions
and translations and their ability to work on raw pixels with-
out preprocessing made CNNs very preferable.

CNNs that do not have trainable layers are used in com-
bination with other network types. In that case, CNNs
learn visual features which are fed to a trainable network
such as recurrent neural networks (RNNs) or support vector
machines (SVMs) [24, 47]. Due to their ability to capture
temporal dependencies, RNNs and their variants like long
short-term memory (LSTM), bidirectional-LSTMs, multi-
dimensional LSTMs (MDLSTMs) and gated recurrent units
(GRUs) have been effectively used for sequence labeling
tasks [20–22, 58, 63, 65]. Their hybrid models with CNNs
are shown to be quite successful in studies as well [16, 39,
59]. Particularly, CNN-MDLSTM hybrid systems have been
quite successful and popular in sequence labeling tasks in
recent years. One disadvantage of MDLSTM networks is
their complexity which makes them computationally costly.
On the other hand, it is shown that a system with one-
dimensional LSTMs can achieve better or equivalent results
at a lower computational cost in some handwriting recogni-
tion tasks [47]. Following these successful applications, we
propose a CNN-BLSTM hybrid network with a connection-
ist temporal classification (CTC) layer. Similar networks are
used for isolated word recognition in [59] and handwritten
line recognition in [47].

Ourmethodconsists of the following steps. First, grayscale
line images are resized with padding to the maximum width
and height of the samples in the dataset. The ground truth
for each image is its transcription with a sequence of char-
acters from the defined alphabet, which are the symbols
occurring in the dataset. Next, the input samples are fed
onto convolutional layers to extract features. Then, BLSTM
layers process the features column-wise in left-to-right and
right-to-left directions. The output of BLSTM layers are
concatenated depth-wise to generate a block which is then
mapped to an output label represented as a sequence of
characters by theCTCalgorithm [19]. In this fashion, the sys-
tem outputs a probability distribution over a variable-length
output sequence without explicit segmentation of the input
sequence. The network configuration and other details can
be found in Sect. 6. Once we pre-train the recognition sys-
tem using the synthetic data, we apply TL by training the
trained system with real data containing line images cropped

Table 2 Network configuration summary. When a parameter is not
applicable for a layer its cell is shown as “−”

Layer Filters Kernel Stride Padding Nodes Probability

Input – – – – – –

Convolution 32 5*5 1*1 1*1 – –

MaxPooling – 2*2 2*2 – – –

Convolution 64 5*5 1*1 1*1 – –

MaxPooling – 2*2 2*2 – – –

Convolution 128 3*3 1*1 1*1 – –

Batch Norm – – – – – – –

Convolution 128 3*3 1*1 1*1 – –

MaxPooling – 2*2 2*1 – – –

Dropout – – – – – 0.2

Convolution 256 3*3 1*1 1*1 – –

Batch Norm – – – – – –

Dropout – – – – – 0.2

BLSTM – – – – 128 –

Dropout – – – – – 0.5

BLSTM – – – – 128 –

Dropout – – – – – 0.5

Dense – – – – 72 –

Output – – – – – –

from historical documents. Details of the pre-training and TL
training are explained in Sect. 6 as well.

6 Experiments

We design a set of experiments, each with a specific goal
towards building an Ottoman script recognition system. This
section presents the experimental setup, the experiments and
their results in detail.

6.1 Experimental setup

Our CNN-BLSTM network configuration, which is decided
empirically, is given in Table 2. We use 5 blocks of con-
volutional layers, where three of them use a max pooling
layer. We apply two batch normalization layers after convo-
lutional layers at the 3rd and 5th blocks. A dropout layer is
added to the last two blocks with a probability equal to 0.2.
There are 3Maximum Pooling layers at the first, second, and
fourth blocks with vertical and horizontal strides of (2, 2),
(2, 2) and (2, 1), respectively. The activation functions of the
convolutional blocks are Rectifier Linear Units (ReLU). The
convolutional blocks are followed by two recurrent blocks,
each formed by a BLSTM layer of 128 hidden units and a
dropout layer with a probability of 0.5. Finally, a CTC layer
maps the output from recurrent blocks to one of the 70 sym-
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bols; 69 symbols are the ones appearing in the dataset and
one blank symbol.

Python and TensorFlow libraries are used for the imple-
mentation of the CNN-BLSTM-CTC network. We run the
experiments on aNVIDIAGeForceRTX2060 graphical pro-
cessing unit (GPU) card. The network is trained to minimize
the CTC loss function. We use the RMSprop optimization
algorithm with a learning rate of 0.0003 and mini-batches
of size 32 during pre-training. The network weights are
initialized using the Glorot uniform technique [18]. In all
experiments, training is stopped when the loss on the valida-
tion set does not improve after 20 epochs.

We evaluate the performance of our system by calculating
character error rate (CER) percentage using the edit dis-
tance which is calculated as the minimum number of edits
with substitution, insertion and deletion of characters from
the reference string to the output, normalized by the num-
ber of reference characters. CER calculation is formularized
below, where I nsertion, Deletion and Substi tution refer
to the minimum number of insertion, deletion and substitu-
tion operations required for the transformation.

CER = Insertion + Deletion + Substitution

Total number of characters
∗ 100 (1)

6.2 Datasets

We use four datasets to implement and evaluate our proposed
solution; (i) TheOttoman Printed Text Image (OPTI) dataset,
which contains synthesized Ottoman text line images, (ii)
The Arabic Printed Text Image (APTI), which contains syn-
thesized Arabic word images and (iii) The Printed-KHATT
(P-KHATT) which contains images of printed and scanned
Arabic text lines and (iv) a collection of line images extracted
from real printed books.

6.2.1 Ottoman printed text image (OPTI)

The dataset OPTI is a collection of 14, 800 rendered line
images containing Ottoman words. It contains images of text
lines rendered with Naskh font with 24 pt. font size. It is
synthetically generated from a corpus of Ottoman text. The
data synthesis process is explained in detail in Sect. 5.2. The
ground truth of each line is created as Unicode values of the
characters of that text line. Different positional forms of a
letter are represented with the same Unicode value. Table 1
presents some statistics regarding the OPTI.

6.2.2 Arabic printed text image (APTI)

APTI (Arabic Printed Text Image) [60] is a multi-font,
multi-size and multi-style Arabic text images dataset. It is
synthetically generated using a lexicon of 113,284 words, 10

Arabic fonts, 10 font sizes and 4 font styles. The database
contains 45,313,600 single-word images. The annotation of
ground truths includes the number of characters, the num-
ber of sub-words, the sequence of characters, the size, the
style and the font used to generate each image. The dataset
is split into six sets for each font, size, and style combina-
tion. Five of the six sets are publicly available, whereas the
sixth set is employed in competitions to evaluate submitted
OCR systems. Each set contains different word images but
the character distributions are almost the same for each set.
Weuse 24-pt, plain,DecoTypeNaskh samples from theAPTI
dataset in this work.

6.2.3 P-KHATT

The Printed-KHATT database contains text line images
printed with eight different fonts. It has a standard division
splitting the data into three non-overlapping sets as train, val-
idation and test sets. Images are captured by scanning printed
documents. There are 9310 lines and 106,945 words in the
dataset.Approximately 70%of the samples are in the training
set. Test and validation sets each have approximately 15% of
the samples. We use the 24 pt Naskh samples printed with
KFGQPC Uthman Taha Naskh font in the P-KHATT.

6.2.4 Ottoman real line images

It is a small dataset of 1200 line images obtained from a
printed Ottoman book1 published in 1922. The book pages
are segmented into lines semi-automatically. The images are
in RGB format. The ground truth of each line is created man-
ually as Unicode values of the characters of that line. There
are some broken characters due to imperfections in printing
and other noise, but most of the lines are relatively clean.
Figure7 shows some images from the real image dataset.

6.3 Experiments

We run four sets of experiments, each with a different goal.
We first validate the network architecture using the APTI,
OPTI and PKHATT datasets. Then we show to what extent
the augmentations improve the recognition performance.
After that, we use TL to fine-tune trained models for recog-
nizing real data. Finally, we study the impact of the language
of the training dataset on recognition performance. In all
experiments, grayscale images are first height normalized to
64 pixels by keeping the aspect ratio and then padded with
the background color to have a width matching the length of
the longest sample of the dataset it belongs.

1 The book is publicly accessible at https://archive.org/details/
dagackankurt0001ad.
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Table 3 Results from the baseline systems

Train Test CER

APTI APTI 0.009

P-KHATT P-KHATT 0.32

OPTI OPTI 0.23

P-KHATT_split P-KHATT_split 0.18

P-KHATT_split P-KHATT 0.51

P-KHATT P-KHATT_split 0.23

P-KHATT-syth_split P-KHATT-syth 0.24

OPTI_split OPTI_split 0.13

OPTI_split OPTI 0.20

OPTI OPTI_split 0.17

6.3.1 Evaluation of the network

We experiment with the APTI, OPTI and P-KHATT datasets
to validate the network model. For this purpose, we first train
a system with the APTI dataset using 72.5K samples from
sets 1–4 of the 24 pt. plain Naskh division of APTI. We use
10% of the data for validation and the rest for training. That
system is tested on set 5 of the same division yielding a CER
of 0.009, as shown in Table 3.

Secondly, we train a baseline system using the P-KHATT
dataset with the standard dataset split; 6472 samples are used
for training samples, and 1414 samples are used for valida-
tion. The result of this experiment is given in Table 3. The
P-KHATT baseline system has a CER of 0.32 on 1424 test
samples.

The OPTI dataset has 14,800 samples. After splitting the
dataset into a training set of 11, 300 samples, a test set of 2000
samples and a validation set of 1500 samples randomly, we
train the OPTI baseline system and measure its performance
as 0.23 CER.

We see that the model makes more recognition errors as
the sequences get longer after examining the recognition out-
put of the baseline P-KHATT and OPTI systems. Actually,
there are some very long samples with transcriptions con-
taining more than 100 characters, while nearly half of the
transcriptions have 70 or more characters. So, we automat-
ically split P-KHATT samples wider than a threshold value
into halves.

Using a vertical projection histogram, the splitting algo-
rithm first finds spaces between words larger than 5 pixels.
The space nearest to the middle of the image is declared to
be the splitting region. The image is divided into two at that
region. It is assumed that each half contains the same num-
ber of words after the division. Hence, the transcription of
the original line is divided into two based on that assumption.
The error of that procedure is measured as less than 5% on
the P-KHATT dataset. After splitting the lines of the training

and validation sets, the sizes of the sets become 11,414 and
2463, respectively.

We train a model with the split lines and test it on both the
original P-KHATT test samples and the split test samples. It
obtains a CER of 0.18 on the split samples and a CER of 0.51
on the original images. Also, we measure the performance
of the previous model, which is trained with the original P-
KHATT lines on the split test set as 0.23 CER, as can be seen
in Table 3.

The recognition problem of long sequences is observed
for the OPTI dataset samples as well. We follow a more
direct procedure on OPTI samples and split line transcrip-
tions longer than a certain threshold in each subset of the
OPTI then re-render the split lines. We split each of the train,
test and validation samples separately. In the end, we obtain a
split version of the OPTI with 16,944 training samples, 2240
validation samples and 3012 test samples. Results from the
system trainedwith the split and original versions of theOPTI
are presented in Table 3. The system trained with the orig-
inal version obtains 0.23 CER on the original test samples
and 0.17 CER on the split ones. The model which is trained
with the split OPTI performs better; it has 0.13 CER on split
test set and 0.20 CER on the original one.

The P-KHATT dataset consists of real images obtained by
scanning printed text lines. On the other hand, the APTI and
OPTI datasets both contain synthetic images. To have a more
solid ground of comparison between these three datasets, we
create a synthetic version of the P-KHATT dataset by render-
ing the split line transcriptions following the same procedure
of the OPTI dataset generation. Then, we train another net-
work with the P-KHATT synthetic data and obtain 0.24 CER
on the P-KHATT synthetic test samples. Results of all exper-
iments are given in Table 3 (Fig. 8).

6.3.2 Evaluation of the data augmentation procedure

We conduct a series of experiments to measure the effect of
data augmentation on the recognition performances of the
baseline systems. We augment all datasets by applying the
image processing techniques explained in Sect. 5.3. Data
is augmented offline such that each time the augmentation
procedure is applied on the original data, an augmented ver-
sion is generated and saved per sample. Original data is not
included in the corresponding augmented dataset. Hence for
a dataset of size S, S × n samples are generated after aug-
menting it n times. We observe that augmenting data more
than 3–4 times does not improve recognition performance
significantly. Hence, we set n = 3. Some examples of aug-
mented images can be seen in Fig. 9.

The augmentation procedure is applied for the APTI, and
split versions of the OPTI and P-KHATT datasets, since the
latter two yield better recognition results than their original
versions. Each model trained with an augmented dataset is
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evaluated on an unaugmented test set of its corresponding
dataset. Results of these experiments are presented inTable 4.

6.3.3 Evaluation of the proposed system on the real data

After we validate the network architecture and the augmen-
tation procedure in the previous sets of experiments, we test
models trained with the original and augmented versions of
the datasets on the real data (see Sect. 6.2). The real data is
composed of 1200 line images from a printed book. We ran-
domly split the dataset into non-overlapping train, validation
and test sets with 800, 200 and 200 images, respectively.

In the testing phase, we apply the line splitting technique
on the real images by splitting a test line into two using the
splitting method described in Sect. 6.3.1. The system recog-
nizes each half separately and then merges outputs to obtain
that line’s recognition output. The baseline OPTI, P-KHATT
and synthetic P-KHATT systems obtain 0.60, 0.55 and 0.65
CER values, respectively, on the real image data. Systems
trained with augmented datasets perform significantly better
compared to the baseline systems. The system trained with
the augmented OPTI data has a 0.35 CER which means 36%
reduction in CER. Augmented versions of the P-KHATT and
the synthetic P-KHATT get 0.50 CER and 0.55 CER, respec-
tively.

Finally, we apply transfer learning (TL) by the fashion of a
fine-tuning approach. TL is a technique for exploiting infor-
mation obtained during a learning process to improve another
learner from a different but related domain. TL is preferred,
especially in caseswhere training data is limited. TL has been
in use for various problems like text sentiment classification,
image classification, and text recognition [40, 67]. Once a
network is trained with data from a related domain, TL can
be applied by freezing some of the layers where knowledge
is accumulated as weights. Freezing prevents the update of
the weights. Other layers which will continue learning can
be reset or keep learned weights before the network is trained
with new data from the target domain. Another method is to
fine-tune the system with the new data. Here, the weights of
all layers are updated according to the information learned
from the new data.When the domains are similar, fine-tuning
becomes a preferable method.

In our case, we empirically found out that the fine-tuning
method improves performance more than freezing some of
the CNN and BLSTM layers which is justifiable since the
source and target domains are quite similar. Additionally, we
use the augmentation scheme defined previously on the fine-
tuning data to measure its effect on the real data. Table 5
summarizes the results from experiments with the real data.
The systems trained with augmented versions of the OPTI,
P-KHATT and synthetic P-KHATT get 0.24, 0.44 and 0.45
CERs, respectively. Using an augmented version of the real
data for model fine-tuning brings at least a 30% decrease in

Fig. 8 Examples of ligatures existing in the APTI dataset but are absent
from the OPTI dataset. For each pair, the right word is an OPTI word
image, while the left is the same word written with a ligature in the red
box. All samples are generated with DecoType Naskh®TrueType Font

Fig. 9 An OPTI sample (the top box) generated with DecoType
Naskh®TrueType Font and several of its augmented versions

Table 4 Results from the data augmentation experiments

Train Test CER

Aug.-APTI APTI 0.02

Aug.-P-KHATT_split P-KHATT_split 0.07

Aug.-P-KHATT-syth P-KHATT-syth 0.08

Aug.-OPTI_split OPTI_split 0.11

CERs for all models. The system trained with the augmented
P-KHATT data benefits from fine-tuning with augmented
real data as the CER decreases by almost 50%.

6.3.4 Effect of the language of the training data on the
recognition accuracy

Finally, we explore the impact of language on recognition
accuracywhen the training and testing data contain texts from
different languages. Here, we use only the models trained
with synthetic data for a more direct comparison.

It has been shown that sequence learners like RNNs and
their variants capture character dependencies and incorporate
a character-level language model to the recognition process
[35, 55, 64]. Based on this, we examine the usability of
datasets of different languages for recognition of one another
by testing a recognizer on datasets other than the one it is
trained with.

Due to the different versions of Decotype Naskh font
employed in the rendering process of the APTI and OPTI,
some of the shapes and ligatures used in the APTI are absent
from the OPTI.

Figure 8 shows examples of missing shapes and their
counterparts in the OPTI. For a fair comparison, we need to
eliminate APTI samples containing such absent forms when
testing the OPTI-trained systems. However, the detection of
such samples is a manual and time-consuming task. So, we
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Table 5 Results from the fine tuning experiments

Train Fine-tune Test CER

OPTI – Real data 0.60

PKHATT – Real data 0.55

PKHATT_syn – Real data 0.65

Aug.-OPTI – Real data 0.38

Aug.-PKHATT – Real data 0.50

Aug.-PKHATT_syn – Real data 0.55

Aug.-OPTI Real data Real data 0.24

Aug.-OPTI Aug.-real data Real data 0.16

Aug.-PKHATT_syn Real data Real data 0.44

Aug.-PKHATT_syn Aug.-real data Real data 0.32

Aug.-PKHATT Real data Real data 0.45

Aug.-PKHATT Aug.-real data Real data 0.23

Results showing the effect of fine-tuning on recognition accuracy. The
best results obtained with and without fine-tuning are given in bold

Table 6 Results from the cross-language experiments

Train Test CER

OPTI APTI 0.29

OPTI APTI-reduced 0.23

Aug.-OPTI APTI 0.24

Aug.-OPTI APTI-reduced 0.18

OPTI P-KHATT-syth 0.26

Aug.-OPTI P-KHATT-syth 0.23

P-KHATT-syth OPTI 0.45

Aug.-P-KHATT-syth OPTI 0.30

Performance of the system trained with augmented OPTI on APTI,
reduced APTI and P-KHATT-syth datsets are emphasized in bold

confine ourselves to a reduced APTI version where samples
containing only four absent forms are removed. These forms,
which can be detected automatically, are listed as stretched
(i.e., kasheeda) versions of �� and � and twodiacritics;madda

over characters other than initial � and shadda. Testing with

the reduced version, which contains 12K samples, aims to
show the effect of the absence of ligatures and shapes on
recognition accuracy. We test the OPTI-trained models on
two versions of the set5 of the APTI dataset; the original ver-
sion of the set5 of APTI and the reduced version of APTI.
Testing an APTI-trained model on the OPTI dataset is not
practical since the network trained with single words of the
APTI, which are relatively shorter sequences, is incapable of
recognizing longer sequences of the OPTI lines.

Results of these experiments are presented in Table 6.
According to the results, the system trained with the OPTI
obtains a CER of 0.29 on the original APTI test set and 0.23
CER on the reduced version. The augmented OPTI-trained

model performs better with a CER of 0.24 on the original
APTI test set and 0.18 CER on the reduced version.

When the OPTI and augmented OPTI-trained models are
evaluated on the synthetic P-KHATT, their CER values are
measured as 0.26 and 0.23, respectively. On the other hand,
systems trained with the synthetic P-KHATT and its aug-
mented version obtain 0.45 CER and 0.30 CER, respectively.

7 Discussion

We can make several observations using the results from
the four sets of experiments. Firstly, the proposed solution
provides a viable solution to the printed Arabic alphabet-
based scripts writtenwith theNaskh font, as can be seen from
Tables 3, 4 and 5. The line-splitting strategy is quite important
within the proposed scheme because it provides a solution to
the problem of remembering longer sequences. It is a known
fact that RNN and its variants have a limit to the number of
time steps from which they can learn dependencies. Here,
the splitting strategy helps keep the sample sizes by these
limits. Both the P-KHATT and OPTI systems benefit from
line splitting; CER of the baseline OPTI system decreases
from 0.23 to 0.13, and CER of the baseline P-KHATT system
decreases from 0.32 to 0.18. Another observation is that the
splitting strategy is useful even if it is used only in evaluation.
For example, CER of the P-KHATT baseline system, which
is trained with the original lines, decreases by 28% if the test
samples are split. In the case of the OPTI baseline system, a
26% CER decrease is observed.

For all of the datasets except the APTI dataset, the aug-
mentation procedure brings a significant improvement over
the baseline systems. The baseline APTI system already
achieves a CER of less than 1%. Augmenting the data leads
to noise for the APTI dataset. The P-KHATT system benefits
from the augmentation most, with a decrease of CER from
0.18 to 0.07. Similarly, the synthetic P-KHATT system also
significantly improves performance with a decrease of CER
from 0.24 to 0.08. However, the CER of the OPTI system
decreases by only 2 points. An explanation for this differ-
ence may be found in the numbers of unique PAWs the OPTI
and P-KHATTdatasets have. Although the numbers ofwords
and characters of these two datasets are similar, the number
of unique PAWS in the P-KHATT is almost double the num-
ber of unique PAWS in the OPTI (see Table 1). That can be
interpreted as the number of unique shapes in the P-KHATT
are higher than that of the OPTI. Augmenting the OPTI data
brings less variability than augmenting P-KHATT data since
the number of unique shapes represented in the original train-
ing set is comparatively smaller.

The systems trained with augmented datasets are more
successful in recognizing the real data. The augmented OPTI
system has a better performance than the P-KHATT and the
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synthetic P-KHATT systems, as seen in Table 5. Interest-
ingly, the system trained with the original P-KHATT dataset
performs better with a CER of 0.55 compared to the syn-
thetic P-KHATT and OPTI systems. This can be attributed
to the fact that both the P-KHATT and the real data are real
images captured from some printed documents and not ren-
dered images. Similarly, the observation that the augmented
version of P-KHATT performs better than the augmented
synthetic P-KHATT strengthens that claim.

Fine-tuning with real data brings considerable improve-
ment for all of the systems. Using an augmented version
of the real data for model fine-tuning brings at least a 30%
decrease in CERs for all models. The system trained with
the augmented P-KHATT data benefits from fine-tuningwith
augmented real data as the CER decreases by almost 50%.
This is an expected outcome; since the amount of real data
is really small and augmentations increase the dataset size
artificially. The best performance is obtained as 0.16 CER
by the system trained with the augmented OPTI dataset and
fine-tuned with augmented real data.

Finally, in Table 6,we observe very highCERvalueswhen
any of the systems trained on one dataset is evaluated on
another dataset, even though they are generated with a quite
similar procedure. All of the OPTI-trained systems have a
CER more than 20% on both APTI and reduced APTI test
sets, except the augmented OPTI system, which obtains 18%
CERon the reduced set. Part of the problem is due to themiss-
ing ligature forms, as indicated by the decrease in CERwhen
the reduced APTI samples are used. Removal of the samples
containing ligatures absent in the OPTI dataset from the test
set results in an average decrease of 0.6 points for all systems.
It should be noted that in the reduced APTI test samples,
only four of the absent forms are removed. The other reason
for the low recognition accuracy on APTI test samples in
Table 6 may be some contextual character shapes not occur-
ring frequently enough in the OPTI. There are over 30K
unique PAWs in the APTI collection, while OPTI datasets
have only 10.9K PAWs. The occurrence of a certain PAW
is directly related to word formation characteristics which
are language-specific. If a character combination is rare or
invalid in a language, then the contextual shapes used in the
combinationmay be underrepresented or absent from dataset
of that language. Considering the huge difference between
the number of unique PAWs, it is possible that some APTI
contextual character shapes rarely occur in the OPTI dataset.
That possibility requires further investigation, which is out
of the scope of this work.

The augmented OPTI system obtains 0.23 CER on the
synthetic P-KHATT system, while the augmented synthetic
P-KHATT system has a CER of 0.30 on the OPTI dataset in
Table 6. Considering the performance of these two systems
on their datasets in Table 4, we can say that language of the
training data has a direct effect on recognition accuracy since

the main difference is the language of the rendered texts. It
is possible to fine-tune or re-train a system using new data
containing texts of another language. However, the results
of the P-KHATT and synthetic P-KHATT experiments with
real Ottoman data in Table 5 show that the performance will
be quite sub-optimal.

8 Conclusion

In this work, we investigated the challenges in recognition of
the Ottoman script and proposed a solution using synthetic
data and a data augmentation method. Specifically, (i) we
prepared a corpus from digital texts and generated a syn-
thetic machine-printed Ottoman line image dataset using the
corpus, (ii) we augmented the synthetic data using an image
processing pipeline which is designed for Ottoman docu-
ments, (iii) we used an effective line image splitting method
for increasing recognition accuracy, (iv) we developed and
evaluated a recognition system for machine-printed Ottoman
script with Naskh font and (v) we reported on the usability
of two Arabic datasets for recognizing Ottoman documents.

Our results on two standard datasets (i.e., APTI and P-
KHATT) and real Ottoman documents are on par with the
results from the literature. We plan to work on larger real
image datasets to design a multi-font recognition system in
the future.
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