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Abstract: The Persian language, also known as Farsi, is distinguished by its intricate morphological
richness, yet it contends with a paucity of linguistic resources. With an estimated 110 million speakers,
it finds prevalence across Iran, Tajikistan, Uzbekistan, Iraq, Russia, Azerbaijan, and Afghanistan.
However, despite its widespread usage, scholarly investigations into Persian document retrieval
remain notably scarce. This circumstance is primarily attributed to the absence of standardized test
collections, which impedes the advancement of comprehensive research endeavors within this realm.
As data corpora are the foundation of natural language processing applications, this work aims at
Persian language datasets to address their availability and structure. Subsequently, we motivate a
learning-based framework for the processing of Persian texts and their recognition, for which current
state-of-the-art approaches from deep learning, such as deep neural networks, are further discussed.
Our investigations highlight the challenges of realizing such a system while emphasizing its possible
benefits for an otherwise rarely covered language.

Keywords: Persian language; information retrieval; data collections; deep learning; natural language
processing; optical character recognition

1. Introduction and Motivation

In 1993, Iran became the second Middle Eastern country to establish an Internet con-
nection [1]. With the Internet becoming the predominant source of information, containing
billions of documents across its vast networks, the swift growth of the World Wide Web
has introduced several challenges but also opportunities for information retrieval (IR)
systems [2,3]. Today, the World Wide Web has become a central source of information in
Iran, reflecting its global ascent as an indispensable resource.

The evolution of information retrieval has progressed from mechanized systems for
literature searches to the modern ubiquity of web search engines, emphasizing the grow-
ing significance of this field. Originally defined by Calvin Mooers, information retrieval
addresses the challenge of guiding users to previously stored information, which may be
unknown to them [4]. Typically, information retrieval systems generate outcomes that
include references aimed at providing users with relevant information about potential
items of interest [5]. Therefore, developers must evaluate the effectiveness of their systems
based on the relevance of the results to user queries [3]. Evaluating the effectiveness of
an information retrieval system involves measuring how efficiently users can locate the
desired documents within a list of results. Usually, this evaluation begins by assembling
a collection of documents alongside a set of queries. Establishing benchmarks for per-
formance requires predefined answers, which can serve as a basis for comparison. In
addition, relevance judges are often tasked with assessing the pertinence of the informa-
tion retrieved, contributing to the development of standard test collections [6] to gauge a
system’s accuracy.
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The field of information retrieval, particularly in the form of text and image, inter-
sects significantly with human language, attracting substantial interest from researchers
in language engineering and natural language processing (NLP) [7]. The effectiveness
of information retrieval systems can vary notably across languages due to their unique
linguistic structures. Challenges in word segmentation present significant obstacles in
languages such as Chinese and Japanese, whereas in German, the prevalence of varied com-
pound constructions can degrade retrieval performance [8]. For instance, ref. [9] showed
that decompounding German words can significantly improve retrieval performance. Ad-
ditionally, divergent syntactic orders, such as the subject-object-verb word order (SOV)
in Persian vs. the subject-verb-object word order (SVO) in English, can further compli-
cate verb alignment and translation, potentially impacting the accuracy of information
retrieval systems.

The work of [10] highlights several foundational concepts and theories that underpin
the development and functioning of NLP models. These include, for instance, consider-
ations on the concepts of: (i) nativism vs. empiricism [11,12], (ii) symbolic vs. statistical
learning, (iii) the role of symbols and numbers, (iv) human and artificial neural networks,
and (v) challenges and future directions [10], which are summarized as follows:

(i) Nativism vs. empiricism. The debate between nativist and empiricist theories of
knowledge is crucial. Nativist theories, such as those proposed by Chomsky [13,14], argue
that certain structures of knowledge are innate. In contrast, empiricist theories, aligned with
thinkers such as Locke [15] and contemporary artificial intelligence (AI) practices, suggest
that knowledge is primarily acquired through sensory experiences and interactions with
the environment. AI architectures such as transformers, including generative pre-trained
transformers (GPT), are grounded in empiricism, learning from vast datasets without
inherent a priori knowledge of (feature) space, time, or objects.

(ii) Symbolic vs. statistical learning. Historically, AI has relied on symbolic syntactic
interpretations, but modern transformers employ statistical learning. This shift from
symbolic AI, which uses explicit rules and representations, to statistical methods allows
for more flexible and scalable learning from data. However, this comes with challenges
in interpretability and reliability, as the knowledge acquired by statistical models is often
superficial and context-dependent.

(iii) The role of symbols and numbers. The representation of knowledge in AI in-
volves encoding information in symbolic or numerical forms. In learning-based models,
knowledge is most commonly embedded in vectors or matrices derived from the training
corpus, allowing the model to predict and generate language patterns. This numerical
representation contrasts with traditional symbolic AI, which uses predefined rules and
logic to process information.

(iv) Human and artificial neural networks. The relationship between human neural net-
works and artificial ones is another area of focus. While human cognition involves complex,
often innate structures [16], artificial neural networks learn through backpropagation and
optimization algorithms. This difference emphasizes the need for AI systems to integrate
some aspects of human-like knowledge representation to enhance their understanding and
generalization capabilities.

(v) Challenges and future directions. The current empirical approach in AI, while
powerful, is not without its limitations. The knowledge acquired by models such as
GPT can be shallow and unreliable, highlighting the need for incorporating more robust,
perhaps hybrid, approaches that blend empirical data with structured, symbolic knowledge.
This might involve integrating aspects of nativist theories to create more comprehensive
AI systems.

The accuracy of Persian information retrieval is predominantly compromised by two
main issues. The first is improper text tokenization, where stop words are erroneously
identified as significant content keywords. Tokenization refers to the process of dividing
a continuous stream of “textual content up into words, terms, symbols, or some other
meaningful elements called tokens” [17]. Tokenization is beneficial both in linguistics and
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in computer science, where it is concerned with text segmentation and lexical analysis.
Typically, tokenization occurs at the word level. However, defining what constitutes a
“word” can be challenging. Oftentimes, tokenizers rely on straightforward heuristics to
make decisions [18]. The second issue involves the potential inadequate handling of word
variants, which can severely affect the retrieval process [1].

Despite these challenges, international initiatives such as the Text REtrieval Conference
(TREC) (https://trec.nist.gov/, accessed on 31 May 2024) [19] and the Cross-Language
Evaluation Forum (Conference and Labs of the Evaluation Forum, CLEF, https://www.clef-
initiative.eu/, accessed on 31 May 2024) [20] have played pivotal roles in the systematic
evaluation of information retrieval systems and their datasets.

2. Current Challenges

The objectives of research in Persian information retrieval are primarily focused on
enhancing the reproducibility and reliability of IR systems. To achieve these objectives,
it is imperative to conduct detailed investigations into the existing data corpora (see also
Figure 1) and current models, especially in the context of Persian letter recognition. The
fundamental goals associated with these objectives typically encompass the following
key points:

Figure 1. Illustration of different Persian language datasets. The examples have been ob-
tained from the datasets’ project pages and repositories: Arshasb [21] (top left, https://github.
com/persiandataset/Arshasb, accessed on 31 May 2024), IDPL-PFOD [22] (bottom left, https:
//github.com/FtmsdtHosseini/IDPL-PFOD, accessed on 31 May 2024), persis [23] (top right,
https://github.com/mehrdad-dev/persis, accessed on 31 May 2024), and Iranis-dataset [24] (bottom
right, https://github.com/alitourani/Iranis-dataset, accessed on 31 May 2024).

1. Linguistic features exploration. To discuss common linguistic features of the Persian
language that are crucial for optimizing information retrieval systems [25,26].

2. Linguistic specificity. To address language-specific challenges inherent to Persian to
enhance the performance of information retrieval systems [27].

3. Corpus investigation. To construct a robust and extensive list of Persian datasets in the
form of text and images that can serve as a reliable collection for further developments [28].

https://trec.nist.gov/
https://www.clef-initiative.eu/
https://www.clef-initiative.eu/
https://github.com/persiandataset/Arshasb
https://github.com/persiandataset/Arshasb
https://github.com/FtmsdtHosseini/IDPL-PFOD
https://github.com/FtmsdtHosseini/IDPL-PFOD
https://github.com/mehrdad-dev/persis
https://github.com/alitourani/Iranis-dataset
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4. Model review. To evaluate how Persian data corpora can be assessed via learning-
based approaches, for which their disadvantages/advantages and origins are investi-
gated [29].

These goals aim to advance the field of IR by refining the tools and methodologies
applied in the evaluation and implementation of Persian language systems, for which we
set our focus on emerging approaches of AI in machine learning (ML) and deep learn-
ing (DL) [30], including artificial neural networks (ANN) such as deep neural networks
(DNN) [31,32].

3. Properties of the Persian Language

Persian, which is a part of the Indo-Iranian branch of the Indo-European language
families, utilizes a script derived from Arabic, belonging to the Semitic language family.
Commonly referred to as Farsi in Iran, where it is predominantly spoken, Persian employs
a modified version of the Arabic alphabet. However, there are distinct differences between
the two. For instance, compared to the 28 letters of the Arabic alphabet, the Persian alphabet
consists of 32 letters. Yet, both languages share the right-to-left writing direction where
the form of each letter varies based on its position within a word [1]. Figure 2 displays the
complete alphabets for English, Persian, and Arabic, with Figure 3 addressing the writing
direction in Persian and Arabic. Similar to Arabic, Persian letters can exhibit either joiner
or non-joiner forms depending on their position within a word, while most Persian letters
can take on one of four possible forms (Figure 4). These forms change when a letter is at
the beginning, middle, or end of a word where it typically connects to adjacent letters. The
alternative non-joiner form appears when the letter stands alone or at the end of a word,
remaining isolated from other letters. Certain Persian letters manifest only in two forms:
non-joiner and end-joiner. Notably, when these letters are positioned in the middle of a
word, the subsequent letter adopts a form that corresponds to the start of a word. This
morphological feature is crucial for understanding Persian [6].

The Persian vocabulary has been extensively influenced by Arabic and, to a lesser
extent, by French, English, as well as Russian, leading to a significant number of borrowed
words. In syntactic terms, Persian is unique in that it inflects only verbs, offering six distinct
inflections, while predominantly utilizing the subjunctive mood. The language primarily
follows a SOV order, which allows for flexibility at the constituent level. Phonetically,
Persian features three short vowels and three long vowels. The short vowels are often
spoken. However, they are inconsistently represented in writing. A notable grammatical
feature is the Ezāfeh morpheme, a spoken short vowel /e/ that connects constituents in a
sentence but is generally not written, except when linking words ending in vowels. Both
Persian and Arabic utilize four distinct letters that represent the /z/ sound. However, in
Persian, these letters are pronounced identically, whereas in Arabic, each letter corresponds
to a different pronunciation. This uniformity in pronunciation does not diminish their role
in differentiating word meanings, despite the letters being visually distinct [6].

Several characters in the Persian vocabulary are directly borrowed from Arabic, includ-
ing the diacritic mark Tanvin, which is applied to denote the phonetic endings /an/, /on/,
and /en/. Additionally, Persian has adopted not only specific Arabic characters but also
the structural composition of certain words, such as the short Alef /ā/ found in /mūsā/
(“Moses”). In Persian, explicit spaces indicate word boundaries, whereas a pseudo-space
within words, such as between ‘N’ and ‘L’ in /beynolmelali/ (“international”), suggests a
break that does not affect the word’s continuity. The incorrect use of pseudo-spaces can lead
to errors in writing, either by inappropriately connecting letters or by creating malformed
words. Character encoding is crucial for using Persian, with specific codes significantly
impacting text representation [6].

Unlike Arabic, Persian does not differentiate between upper and lower case letters,
complicating the identification of proper nouns, foreign names, and terms borrowed from
other languages, which makes the formation of acronyms challenging. Additionally, the
positioning and presence of dots above or below letters are critical for distinguishing
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different pronunciations and, hence, meanings within the Persian language. The number
and placement of these dots can significantly affect word interpretation, which often
introduces ambiguity. Moreover, the Persian script employs a right-to-left format for
textual content and a left-to-right orientation for numerical data, mirroring the Arabic
system but contrasting with the left-to-right textual and numerical arrangement used in
European languages. This bidirectional system introduces complexities, especially in texts
that incorporate both script and numerical data. The alignment necessitates managing
words from right to left and numbers from left to right, which can complicate the readability
and processing of a sentence [6].

Aa Bb Cc Dd Ee Ff Gg Hh Ii Jj Kk Ll Mm
Nn Oo Pp Qq Rr Ss Tt Uu Vv Ww Xx Yy Zz

(a)

ش س ژ ز ر ذ د خ ح چ ج ث ت پ ب ا
ی ه و ن م ل گ ک ق ف غ ع ظ صضط

(b)

ش س ژ ز ر ذ د خ ح چ ج ث ت پ ب ا
ی ه و ن م ل گ ک ق ف غ ع ظ صضط

(c)

Figure 2. The English, Persian, and Arabic alphabets in comparison. (a) The English alphabet with
upper and lower case letters. (b) The Persian alphabet. (c) The Arabic alphabet. In comparison to
Persian, red letters are omitted in the Arabic language.

شود می خوانده و نوشته چپ به راست از فارسی زبان

اليسار إلى اليمين من وتُقرأ تُكتب العربية اللغة
Figure 3. In comparison to English, Persian (top) and Arabic (bottom) are written from right to left.
The provided text states, in Persian and Arabic, “[The] Persian language is written and read from
right to left”, which is transliterated as “zabān-e fārsi neveshteh va khāndeh az rāst be chap” (Persian)
and “al-lughat al-arabiyyah tuktabu wa tuqra min al-yameen ila al-yasaar” (Arabic).
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Forms

Isolated

ح چ ج ث ت پ ب ا

ش س ژ ز ر ذ د خ

ق ف غ ع ظ ط ض ص

ی ه و ن م ل گ ک

Initial

حـ چـ جـ ثـ تـ پـ بـ ا

شـ سـ ژ ز ر ذ د خـ

قـ فـ غـ عـ ظ ط ضـ صـ

يـ هـ و نـ مـ لـ گـ کـ

Medial

ـحـ ـچـ ـجـ ـث ـتـ ـپـ ـبـ ـا

ـشـ ـسـ ـژ ـز ـر ـذ ـد ـخـ

ـقـ ـفـ ـغـ ـعـ ـظـ ـطـ ـضـ ـصـ

ـيـ ـهـ ــو ـنـ ـمـ ـلـ ـگـ ـکـ

Final

ـح ـچ ـج ـث ـت ـپ ـب ـا

ش ـس ـژ ـز ـر ـذ ـد ـخ

ـق ـف ـغ ـع ـظ ـط ـض ـص

ـی ـه ـو ـن ـم ـل ـگ ـک

Figure 4. Construction of Persian letters with the forms isolated, initial, medial, and final.

4. Availability of Persian Datasets

The significance of supporting less-resourced languages has been increasingly recog-
nized by the NLP community, which is dedicated to this task and often emphasizes it at
various international gatherings. For instance, the International Conference on Language
Resources and Evaluation (LREC) regularly addresses issues related to low-resource lan-
guages. Similarly, the First International Conference on Speech and Language Technologies
for Low-Resource Languages (SPELLL 2022) specifically focused on advancements in this
field [33]. Additionally, the Annual Meeting of the Association for Computational Linguis-
tics (ACL) has featured various contributions and workshops dedicated to low-resource
languages. Another notable event is the ELLORA project, which was highlighted in confer-
ences such as the International Conference on Natural Language Processing (ICON) and
the UNESCO International Conference on Language Technologies for All (LT4All) [34].
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Several specialized corpora have been developed for Persian [35–37], targeting various
linguistic and computational applications. These corpora are indispensable for researchers
focused on natural language processing, machine translation, and other linguistic studies
involving Persian, details of which are outlined below for a selected few of these datasets.
These corpora are further detailed in Table 1.

• Tehran English–Persian parallel corpus (TEP) [38]. Launched by a natural language
processing lab in Tehran in 2011, the Tehran English–Persian parallel corpus is publicly
accessible and comprises approximately 550,000 sentence pairs with 8 million terms
derived from movie subtitles.

• MIZAN [39]. The manually aligned Persian–English parallel corpus MIZAN features
one million sentence pairs along with 25 million terms, providing a rich resource for
translation studies and linguistic algorithms.

• hmBlogs [40]. This corpus addresses the unique challenges of Persian orthography
and font recognition, highlighting the complexity and diversity of research within
Persian linguistic studies.

• MirasText [41]. Generated automatically, MirasText aggregates content from over
250 Persian websites, encompassing a wide array of metadata including keywords,
descriptions, and titles, to facilitate extensive text analysis.

• Hamshahri Corpus [1,42]. With 308 MB of text covering a vast range of topics from
politics to sports, the Hamshahri Corpus includes 300,000 news articles, each enriched
with semantic tags for advanced text processing tasks.

• Shiraz Corpus [43]. Designed for machine translation, the Shiraz Corpus is a bilin-
gual corpus developed from Persian texts sourced online, incorporating a bilingual
dictionary with 50,000 terms, alongside sophisticated morphological and syntactic
analysis tools.

• Peykare Corpus [44]. This corpus serves as a fundamental resource for language
resources and evaluations, particularly in linguistic research.

• FLDB [45]. The Persian Linguistic Database, also referred to as the Farsi Linguistic
Database (FLDB), comprises over 3 million words, featuring a blend of contemporary
modern Persian literature, spoken varieties, and comprehensive lists of dictionary
entries and word lists.

• Mahak Samim [46]. Focused on academic integrity, Mahak Samim consists of Persian
academic texts from peer-reviewed journals designed to test and refine plagiarism
detection systems.

• PerKey [47]. This extensive corpus of 553,000 news articles, sourced from six Persian
news sites, includes high-quality key phrases that are filtered and cleaned to ensure
the integrity of the data.

The Tehran English–Persian parallel corpus used movie subtitles to underscore the
significance of multilingual (parallel) corpora in NLP. It addressed challenges in data ex-
traction and sentence alignment while introducing the parameter λ, a language-dependent
parameter determined via grid search [48], to align subtitles accurately. Investigations into
translated sentences with a statistical machine translation model trained on TEP revealed
an average sentence length ratio of Persian to English of approximately 0.7. This ratio, un-
common in human translations, suggests that TEP may not be ideal for machine translation
purposes, highlighting a need to enrich datasets such as TEP.
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Table 1. Overview of currently developed Persian datasets with their corpus name and dataset source,
size, description, and use cases, separated into text- and image-based datasets. Additionally, further
datasets are listed that are not publicly available.

Corpus Source Size Description Use Cases

Text-based datasets

Tehran English–Persian
parallel corpus (TEP) [38] University of Tehran, 2011 550,000 sentences Movie subtitles

For use in NLP areas
(statistical machine
translation, cross-lingual
information retrieval, and
bilingual lexicography)

MIZAN [39] 250 Persian websites from
2018

1 million sentence pairs
collected from
masterpieces of literature

Persian corpus with focus
on Islamic studies

Islamic studies, cultural
analysis, and machine
translation

Persica Corpus [49] Not specified More than 1.5 million
categorized news

Standard text document
formats Persian news articles

hmBlogs [40] Persian blogs from 2021 20 million blog posts Semantic analogy dataset Used by the Blogfa
hosting service

Digikala Magazine
(DigiMag) [37] Digikala Online Magazine 8515 articles Seven different classes Persian text classification

Persian News Dataset [50] Various news articles 16,438 articles

Eight different classes:
economic, international,
political, science,
technology, cultural art,
sport, and medical

Persian text classification

PEYMA [51] 10 news websites 7145 sentences with
302,530 tokens

Seven different classes:
organization, money,
location, date, time,
person, and percent

Persian named-entity
recognition

EmoPars Dataset [52] Persian social media texts 30,000 social media texts Emotion-annotated texts Used for sentiment
analysis

MirasText [41]
An automatically
generated text corpus for
Persian

1000 documents

Automatically generated
corpus by crawling more
than 250 Persian news
websites

Language modeling, title
extraction, and
named-entity recognition
for unsupervised learning
approaches

Image-based datasets

Arshasb [21] Persian text 33,000 pages Not specified Public texts and
news texts

Persian-OCR [53,54] Persian alphabets 570,000 images
Labeled images of Persian
alphabets, created by the
zarnevis Python library

Image recognition

Unavailable datasets

Hamshahri Corpus [1,42] University of Tehran 700 MB
166,774 newspaper articles
with approximately
380 terms per document

General NLP applications
and information retrieval

Shiraz Corpus [43] New Mexico State
University, 2000

Approximately
50,000 terms

Is a bilingual
Persian-to-English
dictionary

Machine translation for
Persian to English, NLP
applications,
morphological analysis,
and syntax parsing

Peykare Corpus [44]
Institute for Humanities
and Cultural Studies,
Tehran

2.6 million manually
tagged words, containing
550 Persian
part-of-speech tags

Persian corpus with daily
news and common texts Linguistic studies
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The construction of data corpora often entails the creation of test collections, followed
by the extraction of topics from a broad array of subjects including politics, literature, and
art. This step is often succeeded by a processing phase that refines the retrieved content
to form the final corpus, holding a significant role within text mining methodologies and
their practical applications, frequently serving as the initial phase in the overall text mining
procedure [55]. Subsequently, the corpus should undergo a validation process, for example
by utilizing Word2Vec, a method for word representation learning that encodes each word
into a fixed-length vector based on its contextual usage [56]. This process also includes the
evaluation of the average word length in queries, alongside detailed information on the
number of topics, collection size, and format.

For instance, the work of [56] introduced two novel model architectures for learning
word embeddings: Continuous Bag of Words (CBOW) and skip-gram, which were designed
to efficiently learn high-quality word vectors from large datasets. CBOW predicts a target
word given its surrounding context words, for which it uses the context (a few preceding
and following words) to predict the target word. Subsequently, the context words are aver-
aged or summed to form a combined context representation. Finally, this combined context
representation is used to predict the target word. Skip-gram, however, does the reverse of
CBOW. It predicts the surrounding context words given a target word, where the goal is to
maximize the probability of the context words given the target word. The processes is as
follows: The input to the model is a single word (the target word). The model predicts the
words in the context window around the target word. Each word in the context is treated in-
dependently, and the model tries to predict each one. For the training method, both CBOW
and skip-gram are trained using stochastic gradient descent (SGD) and backpropagation.
The loss function used is typically the negative log-likelihood, which aims to maximize the
probability of the correct target word (CBOW) or the context words (skip-gram). To handle
large datasets efficiently, techniques such as hierarchical softmax and negative sampling
were used. The learned word vectors are evaluated using various linguistic tasks, such as
word similarity, word analogy tasks (e.g., “king − man + woman = queen” [56]), and down-
stream NLP tasks. In [56], the approach primarily used was to compute vectors from the
corpus, which were then evaluated. They trained the Word2Vec model (both CBOW and
skip-gram architectures) directly on their data corpus. This involved learning word vectors
from scratch using the specific text data provided by the corpus, for which word embed-
dings that capture semantic meanings based on the context within these data were obtained.
The learned vectors were then evaluated intrinsically by assessing word similarities and
analogies, and extrinsically by their performance in downstream NLP tasks.

5. Persian Language Information Retrieval

Recent advancements in NLP and text recognition have leveraged sophisticated pat-
tern modeling techniques for optical character recognition (OCR) systems to enhance their
accuracy and efficiency [57]. Different approaches have been explored, ranging from the
integration of vision encoders and decoders for feature extraction and sequence predic-
tion to the use of language models (LM) for output refinement, particularly in handling
low-quality text and image [58]. In the following sections, we explore conventional as
well as current learning-based models to assess their development and application across
different tasks, including complex scenarios involving Persian scripts and their integration
into broader applications, highlighting the role of deep learning including convolutional
neural networks (CNN). Subsequently, we explore different state-of-the-art methodologies
employed within the field.

5.1. Optical Character Recognition

In 2021, Persian emerged as the fifth most widely used language on the internet, high-
lighting a significant demand for developing novel algorithms capable of understanding
Persian across various fields [23]. Optical Character Recognition played a pivotal role in this
development by converting different types of documents, such as scanned papers or images,
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into editable and searchable formats. Recognized for its utility in pattern recognition and
AI, OCR has become a cornerstone application in these domains [59]. Character recognition
is a specific area within pattern recognition that incorporates techniques from OCR, pattern
recognition, and image processing [59]. OCR systems are crucial for document classifiers
that rely on textual data, using natural language processing to categorize the extracted
text. Although NLP has advanced in text classification, OCR presents unique challenges,
particularly with complex scripts including Persian, which complicate text extraction and
recognition processes [60].

OCR are typically structured into three main stages: document layout analysis (DLA),
text line detection (TLD), and optical character recognition itself. In the DLA phase, the
system distinguishes and isolates textual from non-textual components in the image, a vital
step that allows the OCR to focus on textual areas, thereby enhancing the accuracy of text
recognition [61,62]. The success of OCR technology heavily depends on the precision of the
DLA and TLD phases, as the reliability of character recognition closely ties to these initial
stages’ effectiveness. DLA and TLD are resource-intensive, requiring significant compu-
tation to process a large number of pixels [63]. Modern OCR systems have increasingly
integrated advanced DL algorithms to enhance their performance. For instance, a study
by [64] highlights the use of deep learning models and a voting system in DLA to improve
OCR accuracy, particularly for Persian language documents.

Developing effective OCR systems necessitates engineering highly efficient algorithms
that optimize both performance and resource utilization. Variability in image quality, due
to factors such as blur, low resolution, and inconsistent lighting, can significantly degrade
OCR accuracy if not addressed during preprocessing [65]. A major challenge stems from the
lack of a uniform layout across different documents. Some documents might have simple
layouts, while others may include complex features such as irregular shapes, tables, or
graphs [66]. Complex backgrounds, noise, poor image quality, and image rotation further
complicate text region detection and extraction. Furthermore, the difficulty of managing
curved text lines poses a substantial challenge, impacting OCR accuracy when the baseline
of the text does not align with the line’s baseline [65,67].

In [64], researchers introduced a novel approach to overcome prevalent challenges
in OCR, aiming to enhance both accuracy and efficiency. Their DLA module focused on
precisely identifying the layout of the document, which includes organizing text blocks,
images, and other visual elements. It aimed to separate the primary text for a structured
representation of the document’s contents. On the other hand, the TLD module was
dedicated to the accurate detection and segmentation of text lines, which aided in precise
character recognition in the subsequent OCR stages. Both the DLA and TLD processes
were carefully crafted to maximize performance and minimize resource consumption,
accommodating documents of varied complexity.

Another separation of OCR frameworks can also be made with the following three
primary phases: preprocessing, segmentation, and recognition [68]. Initially, preprocessing
techniques such as binarization [68,69] or grayscale conversion, edge smoothing and image
rotation correction [69], as well as noise reduction and the correction of letter spacing
irregularities are applied to improve the quality of the image and thereby enhance the
accuracy of text recognition. Segmentation occurs when the processed output is divided
into lines, words, and characters. This step is crucial as it prepares the segmented content
for the subsequent recognition phase, ensuring that meaningful data are presented for
accurate interpretation [68]. For example, Tesseract [70,71] emerged as an influential open-
source OCR engine. It was developed to address the shortcomings of existing commercial
OCR technologies that performed poorly with suboptimal print quality [70]. Nowadays,
Tesseract excels in text recognition owing to its deep learning framework, providing high
accuracy while supporting multiple languages [72], making it a versatile tool in both
software and hardware applications.
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5.2. Algebraic and Statistical Approaches

The evaluation of the Hamshahri Corpus [1,42] focused on building and validating a
large-scale text collection for Persian text retrieval experiments and NLP by judging the
relevance of retrieved documents for a given topic. A performance evaluation of various
retrieval systems was conducted with 65 different queries. Notably, the 4-gram-based
vector space model showed good performance for Persian text, which was evaluated
via the trec_eval program [42]. Additionally, different language models denoted as LM1
to LM4 [73], and different vector space models, denoted as VS1 to VS5 [73], have been
evaluated with varying results, showing precision scores in the range of 5% to 30% at
different cut-off thresholds.

Focusing on machine translation, the MIZAN dataset [39] introduced the largest
known Persian–English parallel corpus, containing over one million sentence pairs collected
from Persian masterpieces of different literature sources. The methodology included data
collection, cleaning, alignment, and validation, with experiments conducted on a baseline
statistical machine translation (SMT) [74] system. The SMT system’s performance was
evaluated using the BLEU score [75], achieving scores of approximately 25.52 for in-domain
and 24.26 for simple out-of-domain test sets [39]. Based on comparisons between translation
outputs and post-edited translations, a performance variability of 43% when compared
with reference sentences, but only 11% with post-edited results, was reported, indicating
that the SMT system meets about 50% of human expectations [39].

The EmoPars Dataset [52] involved the collection, labeling, and analysis of 30,000 Persian
tweets according to Paul Ekman’s six basic emotions [76]: anger, disgust, fear, happiness,
sadness, and surprise. It introduced the first known publicly available emotion dataset in
the Persian language, focusing on the automatic detection of emotions in social media posts.
Sentiment analysis was performed on the dataset via Quecst [52], successfully detecting
sentiment in 21,485 texts (71%). Their analysis underscores a distribution with 45% of
tweets having a positive sentiment (>0.5), 37% with negative sentiment (<0.5), and 17%
with neutral sentiment (=0.5), highlighting the prevalence of both positive and negative
sentiments in Persian social media posts.

Focusing on linguistic analysis methodologies, the Peykare Corpus [44] defined lin-
guistic varieties and registers, for which linguistic analyses to explore cross-register dif-
ferences have been conducted. In order to address Persian tokenization challenges [77],
they proposed a descriptive generalization to standardize orthographic variations. For
annotating Peykare, the EAGLES guidelines [78] were used, employing a semi-automatic
approach to establish tag hierarchies. This work emphasized linguistic features such as
the Ezafe construction [79] and homographs, combining linguistic analysis techniques
with established guidelines to build a contemporary Persian language resource. Word
frequency for each linguistic parameter was counted across subtexts, and an analysis of
variance (ANOVA) test [80] was used to differentiate levels of varieties. The use of EAGLES
guidelines provided a rule-based approach for part-of-speech tagging and other annotation
tasks, ensuring consistency and accuracy in the annotation process.

5.3. Learning-Based Approaches

In the domain of information retrieval, the recognition of individual letters is essen-
tial for the accurate identification and categorization of textual data. Machine learning
techniques have become increasingly popular for this purpose due to their effectiveness in
handling complex recognition tasks. The choice of a specific machine learning method de-
pends on several factors, including data characteristics, available computational resources,
and the particular demands of the task at hand. Conducting comparative analyses is vital
for identifying the most efficient and accurate solutions for letter recognition, especially for
languages with unique orthographic structures such as Persian.
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5.3.1. Classical Machine Learning Approaches

The Persica Corpus [49], a corpus for news article analysis, addressed the lack of
multi-application text corpora in Persian. The methodology involved modified category
classification and data normalization processes applied to Persian news articles. To validate
the corpus, three classification approaches were evaluated: the k-nearest neighbors algo-
rithm (abbreviated as k-NN) [81], a naive Bayes classifier [82], and a support vector classifier
(SVC) [83]. The 1-NN classifier and the naive Bayes classifier achieved accuracies of 70.18%
and 65.22%, while the 2-NN and 3-NN classifiers and the SVC achieved an accuracy of
68.03%. Different comparisons of minimum, maximum, and average accuracies between
the Persica Corpus and the Reuters Corpus dataset (Volume 1, RCV1) [84] indicated that
Persica shows a slightly improved average score with the SVC, while the naive Bayes
classifier resulted in a reduced average.

With the hmBlogs corpus [40], word embedding models [85] have been generated
from preprocessed data, which have been compared with related, existing Persian corpora.
Word embedding models, a type of learning-based models that learn the representation
of a word, are employed for evaluation, for which various hyperparameters have been
evaluated. The results obtained show that the model created with a 50% separation
threshold of “common words of the post” [40] outperformed the model based on a 75%
threshold model. Word embeddings were prepared using Word2Vec (skip-gram) and
Word2Vec (CBOW) [56], GloVe [86], and FastText (skip-gram) [87]. The Pearson correlation
coefficient [88] was evaluated for the SemEval2017-Task2 dataset [89] with, among others,
the processed datasets hmBlogsW2V (0.571), irBlogsW2V (0.459), hmBlogsGloVe (0.540),
irBlogsGloVe (0.480) [90], and hmBlogsFastText (0.679). These results demonstrated the
effectiveness of word embedding methods on the hmBlogs corpus, showing a moderate to
strong correlation [91].

MirasText [41] was automatically generated by crawling content from over 250 differ-
ent Persian websites, for which [41] employed approaches to topic and language modeling.
To ensure its validity, the corpus was validated using Word2Vec [56] to encode words
into fixed-length vectors based on their context. Subsequently, MirasText and the Google
N-gram dataset [92] were trained via Word2Vec to generate word clusters. Comparing
these clusters revealed a high correlation, confirming MirasText’s coherence and validity.
The manual evaluation yielded an F1-score of 75%, indicating a strong correlation between
the word clusters from Google N-gram and MirasText, thereby demonstrating the reliability
of the learned word representations.

Another common approach is random forests [93], a type of ensemble learning tech-
nique that utilizes multiple decision trees to enhance predictive accuracy and control
over-fitting. Within the realm of letter recognition, each letter is depicted as a set of defin-
able features, and a random forest classifier is adept at processing these labeled examples to
classify letters effectively. This method extends beyond simple letter recognition. It is also
applicable in more complex NLP tasks that require the analysis and categorization of text,
such as sentiment analysis and topic classification. By characterizing words and phrases
through feature sets and employing a random forest classifier, various textual elements
can be identified and classified with considerable accuracy. A comparative study by [94]
highlighted that classical machine learning approaches such as random forests can outper-
form other classifiers in recognizing letters, particularly in accuracy and robustness, albeit
with increased processing times. Their primary aim was to ascertain the most effective
classifier for letter recognition. Their findings demonstrated the utility of random forests in
automating and enhancing text-based operations by investigating the influence of different
dataset split ratios with cross-validation. Their “results show that the highest average
accuracy of the test option is given by 80%-split, 10-fold Cross-validation, 90%-split, and
5-fold Cross-validation, respectively” [94].
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5.3.2. Deep Neural Networks

DNNs such as Multilayer perceptrons (MLP) [95,96] and CNNs [97–100] have proven
to be effective for letter recognition in various languages, including Persian. Its fundamental
idea is to treat the Persian text document as an image, for which a DNN architecture is
utilized to extract relevant features, classifying present instances of letters. Such DNNs can
be trained on large datasets of labeled Persian letters, allowing them to learn the specific
patterns and characteristics of the Persian alphabet. For example, in [98], the input of
the network consisted of normalized images of isolated digits. Their results show a 1%
error rate with a reject rate of about 9% on zipcode digits provided by the United States
Postal Service.

In the study conducted by [23], novel datasets were introduced for Persian font recog-
nition, utilizing CNNs to tackle the challenges of font identification effectively. The CNNs
showcased effectiveness, achieving top-1 accuracies of 78.0% on the persis dataset, 89.1%
on the IDPL-PFOD dataset [22], and 94.5% on the KAFD dataset (King Fahd Univeristy
Arabic Font Database) [101]. These results validate the practicality of employing CNNs for
Persian font recognition, eliminating the necessity for separate preprocessing steps such
as feature extraction, binarization, and normalization. The findings highlight the ability
of CNN-based methods to identify fonts accurately and efficiently within linguistically
diverse contexts, particularly in Persian [23].

Subsequently, a CNN was developed for the recognition of handwritten Arabic letters,
as detailed in [102]. This model introduced a sophisticated approach to effectively discern
handwritten Arabic characters, where it demonstrated improved accuracy, achieving an
accuracy of 96.78%. This study not only confirmed the proposed model’s performance but
also considered various evaluation metrics to underscore its effectiveness [102].

5.3.3. Recurrent Neural Networks

Deep neural network variants such as recurrent neural networks (RNN) [103,104], par-
ticularly their long short-term memory (LSTM) [103] and gated recurrent unit (GRU) [104]
variants, can be instrumental in enhancing Persian language models. These networks
are highly adept at performing a range of tasks, including text generation, sentiment
analysis, and machine translation. The inherent ability of RNNs to process sequential
data makes them exceptionally suitable for NLP tasks involving Persian. This suitability
stems from their architecture, which efficiently handles the dependencies and context in
language sequences, thereby improving the performance and accuracy of related NLP
applications [105].

The PEYMA dataset [51] focused on the creation of a standard, tagged Persian NER
dataset by collecting documents from news websites while establishing annotation guidelines
based on existing English NER datasets. Emphasizing dataset construction and annotation,
PEYMA supports learning-based models that require annotated data for their training process
for an RNN with LSTM. The NER task achieved a Cohen’s kappa [106] of 95% for labeled
named entities. Using a hybrid system combining statistical and list-based models, an F1-score
of 84% for seven different labels was achieved: person, location, organization, date, time,
percent, and currency. The system included a rule-based part with lists of frequently named
entities and regular expressions, as well as a statistical part that utilized a conditional random
fields model [107]. In addition, an RNN-based system with LSTM was envisioned to further
assess the usage of advanced deep learning techniques.

In [67], an RNN-based system with LSTM has been proposed, exploring various
parameter adjustments to address false recognition issues of the Persian sub-word “LA”.
The methodology included a preprocessing algorithm to remove justification through image
processing techniques. A dataset comprising 5 million images with eight popular Persian
fonts in 10 different sizes was evaluated, demonstrating a 2% accuracy improvement over
already existing Persian OCR systems. Experimental results show an average letter-level
accuracy of 99.69%, with 98.1% accuracy for “zero-width non-breaking space(s)” and 98.64%
accuracy for “LA” at the word level.
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5.3.4. Transformers

Introduced by [108], transformer models have emerged as a pivotal DL architecture
extensively adopted across various scientific fields including NLP, computer vision (CV),
and speech processing [109,110]. These transformer models [110], originally developed
for machine translation, have been adapted through numerous modifications, extensions,
and adaptations—collectively referred to as Xformers or transformer variants—to enhance
performance and address specific challenges in these disciplines. The extensive application
of the transformer architecture beyond its initial NLP focus—to areas such as CV and
audio processing—can be attributed to its flexible and versatile design, which allows for
innovations across three principal dimensions: architectural modifications, pre-training
methodologies, and a wide range of applications. These adaptations have enabled the
transformer to set new benchmarks in efficiency and accuracy, making it a cornerstone
technology in modern AI research [110].

Substantial efforts have been invested in the pre-training of transformer models on exten-
sive text corpora [110], including their application to a multitude of NLP tasks such as machine
translation, language modeling, and named-entity recognition. A notable example is the BERT
model (Bidirectional Encoder Representations from Transformers) [111], which is specifically
designed to develop rich bidirectional representations by simultaneously considering the left
and right contexts across all layers from unlabeled text. This extensive pre-training enables
BERT to be fine-tuned with just an additional output layer, enabling question-answering and
language inference, without the need for significant modifications to the architecture tailored
to specific tasks. This methodology underscores the versatility and efficiency of pre-trained
transformer models in handling complex NLP challenges [112].

For the processing of datasets such as the Digikala Magazine (DigiMag) dataset [37], a
monolingual BERT model for the Persian language (ParsBERT) has been developed that
demonstrated state-of-the-art performance compared to other architectures and multilin-
gual models. The results obtained on the DigiMag and SnappFood [37] datasets showed
that ParsBERT surpassed the baseline multilingual BERT model in its accuracy and F1-score.
For the named-entity recognition [113] task, ParsBERT achieved an improved model perfor-
mance with F1-scores of 93.10% on the PEYMA dataset and 98.79% on the ARMAN dataset.
Subsequently, downstream tasks including named-entity recognition, sentiment analysis,
and text classification have been realized. Based on ParsBERT version V1.0, ParsBERT
V2.0 [37] is highlighted for its Persian language understanding capabilities, which enabled
the labeling of Persian texts in supervised tasks on the DigiMag dataset and the Persian
News Dataset.

Frequently, current approaches also include refinement modules that enhance the
readability of texts derived from low-quality images. In addition, LMs are oftentimes
employed to correct and refine the output text. In comparison, [114] proposed a Decoder-
only Transformer for Optical Character Recognition (DTrOCR) for English or Chinese.
This approach transforms a pre-trained generative LM into an effective text recognition
model. Unlike traditional generative models that generate text sequences autoregressively,
DTrOCR processes image inputs by converting them into a sequence of patches, which may
also be a promising approach for other languages such as Persian.

Subsequently, large language models (LLM) utilize the transformer architecture. Yet,
they pose additional challenges [115] due to their generative nature, necessitating precise
evaluation methods [116]. Furthermore, evaluating non-English LLMs lag behind their
English counterparts, leading to limited availability for many languages. The Khayyam
Challenge (also known as PersianMMLU) [116], for instance, is a curated set comprising
20,192 multiple-choice questions sourced from 38 diverse Persian exams. Its primary goal
is to enable rigorous evaluation of LLMs supporting the Persian language. Distinctive
features of the Khayyam Challenge include comprehensive coverage of topics such as
literary comprehension, mathematics, sciences, logic, and intelligence testing. It aims at
assessing different aspects of LLM performance such as language understanding, reasoning,
and information retrieval across educational levels from primary to secondary school. It
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incorporates detailed metadata including human response rates, difficulty levels, and
descriptive answers. The Khayyam Challenge utilizes original, non-translated data tailored
for Persian speakers to avoid translation challenges and accurately capture cultural nuances.
A built-in scalability for future updates and evaluations without additional human effort
is warranted. In addition, a diverse array of existing LLMs were evaluated that support
Persian through statistical analyses and interpretations of their outcomes.

LLMs achieve their highest performance in English. However, their proficiency in
other languages is also noteworthy. Conversely, open-source models such as the Large Lan-
guage Model Meta AI (Llama) are mainly trained on English data, which results in weaker
performance in non-English languages. To address this problem authors in [117] present
PersianMind, an open-source bilingual large language model that achieved performance
similar to the closed-source GPT-3.5-turbo in Persian. By augmenting Llama 2’s vocabulary
with 10,000 Persian tokens and training it on a dataset containing nearly 2 billion Persian
tokens, [117] demonstrated that their method maintains the model’s English proficiency
and uses transfer learning effectively to transfer task knowledge between languages. They
further assessed the results of their model with the recently released multilingual masked
language model XLM-V [118], the original Llama 2 7B-chat, and GPT-3.5-turbo. The find-
ings show that PersianMind improved the performance of Llama 2 7B-chat by 43% on
English subsets and 48% on Persian subsets. “Although its performance in English was 1%
lower than that of GPT-3.5-turbo, it surpassed GPT-3.5-turbo by 12%” [117] for Persian text.

The work of “Cross-lingual Transfer Learning with Persian” investigated cross-lingual
transfer learning using Persian as the source language [119]. It examined the effectiveness of
Persian in improving part-of-speech (POS) tagging and sentiment analysis for low-resource
languages. The study highlights the importance of typological and genetic similarities
between languages for successful cross-lingual transfer. Results show that Persian can
effectively aid in POS tagging for related languages such as Kurmanji and Tagalog, and
sentiment analysis for various languages. Yet, possible benefits also vary significantly by
task [119]. In comparison, [120] proposed a cross-lingual DL framework for sentiment
analysis in Persian to address the critical issue of data scarcity in low-resource languages
by leveraging English training data through cross-lingual word embeddings. This ap-
proach demonstrated substantial improvements over monolingual approaches, achieving a
22% improvement with static embeddings and 9% with dynamic embeddings in Persian
sentiment analysis. Their model’s flexibility and language independence highlight its
potential applicability to other low-resource languages, contingent upon the availability of
cross-lingual embeddings.

However, evaluating transformers such as LLMs also requires multi-dimensional mea-
surements while balancing model performance trade-offs. One such example is the Torrance
Tests of Creative Thinking [121] to assess creative performance across various tasks [122].
LLMs are vulnerable to security and privacy attacks, such as jailbreaking and data poisoning,
which highlights the need for robust evaluation methods to mitigate risks [123]. Evaluating
LLMs on symbolic reasoning tasks reveals that “increasing the scale of the model and fine-
tuning it on relevant tasks lead to significant performance gains” [124], particularly in tasks
related to mathematical reasoning.

5.4. Discussion

With the rise of Persian as an upcoming digital language, advancements in Persian
OCR have significantly impacted various fields of application. Yet, Persian script presents
unique challenges, requiring precise document layout analysis and text line detection to
isolate text accurately. Robust preprocessing techniques, such as image rotation correction
and noise reduction, have been necessary in the past to address image quality variability
and complex document layouts.

Algebraic and statistical methods are a vital baseline in Persian text processing. For
example, evaluations of the Hamshahri Corpus showed a strong performance utilizing
a vector space model with 65 queries. The MIZAN dataset’s statistical machine transla-
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tion achieved BLEU scores of 25.52 for in-domain and 24.26 for out-of-domain data. In
comparison, the EmoPars dataset’s sentiment analysis detected sentiment in 71% of texts.
Standardized annotations, such as those provided by the Peykare Corpus, can ensure
consistent data processing, crucial for reliable NLP models. Machine learning techniques,
particularly classical approaches including k-nearest neighbors (70.18% accuracy) and
support vector machines (68.03% accuracy), have shown success in text classification on
different datasets. Deep neural networks, including CNNs and RNNs, have enhanced
OCR and text recognition, with CNNs achieving 94.5% accuracy on the KAFD dataset and
78.0% on the persis dataset. Consequently, RNN-based systems demonstrated an aver-
age letter-level accuracy of 99.69% and word-level accuracy of 98.64% (sub-word “LA”).
Transformer models, such as BERT, may offer superior performance in various NLP tasks
due to their robust pre-training. ParsBERT, for example, achieved F1 scores of 93.10% on
the PEYMA dataset and 98.79% on the ARMAN dataset. Subsequently, these methods
may collectively contribute to more accurate and efficient language information retrieval
systems. Opportunities lie in refining these techniques further, while challenges focus on
the handling of complex scripts and varied document formats.

Figure 5 presents a set of different results from the previous sections, for which
different models have been evaluated with different datasets as provided by the respective
authors. It is noted that a direct comparison of these results is difficult as there is no known
unified evaluation of different models and datasets. Therefore, Figure 5 can only serve
as an overview of the previously discussed results. Their respective classes and class
distributions are as follows.

k-N
N

Naiv
e Bay

es
SV

C
CNN

RNN

Tr
an

sfo
rm

er
60

65

70

75

80

85

90

95

100

70.18

65.22

68.03

89.10

99.69 98.79

A
cc

ur
ac

y
/

F1
-s

co
re

[%
]

Figure 5. Performance comparison of learning-based approaches on different Persian datasets from
Section 5.3. The best k-NN (1-NN) [49], naive Bayes [49], SVC [49], CNN [22], and RNN (LSTM) [67]
scores are reported in accuracy, while the best transformer score (ParsBERT) [37] is reported in
F1-score. Please note: As different evaluation scores have been provided by the respective works,
with all scores, except for the transformer [37], being reported in accuracy, a direct comparison of all
results is difficult.
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The evaluated models’ datasets can be summarized as follows: (i) The Persica Corpus [49]
contains 11 classes on sports, economy, culture, religion, history, politics, science, society,
education, judiciary, and hygiene. Overall, 1,454,745 samples are reported, with a minimum
and a maximum sample-class distribution of 1720 (history) and 456,602 (politics). (ii) The
IDPL-PFOD dataset [22] contains 30,138 lines (parts of sentences) with 452,070 words. These
can be differentiated via their fonts, font styles, font sizes, and (background) textures, as well
as applied distortions, noise, and blurring. OCR was applied to these samples. (iii) In [67],
a dataset comprising 5 million images with eight popular Persian fonts in 10 different
sizes was evaluated. Its task was to classify 110 different classes, which correspond to a
set of Persian letters and symbols with different, not specified occurrences that have been
evaluated [67]. (iv) The DigiMag dataset [37] contains 8 515 articles with seven different
classes, which are not further elaborated on.

6. Conclusions and Outlook

This research has emphasized the critical importance of developing advanced informa-
tion retrieval systems tailored specifically to the Persian language, which is characterized by
its intricate morphological structure and wide linguistic diversity. With its global speaker
base, Persian presents unique challenges and opportunities within the realm of information
retrieval. Technological advancements, particularly the incorporation of deep learning
in the form of deep neural networks, have shown promising potential in improving the
processing and recognition of Persian in text and image. These advancements are crucial
for effectively managing the syntactic and semantic complexities of the Persian language
more efficiently.

By addressing these challenges while strategically leveraging modern technological
advancements, the field of Persian language retrieval can advance toward a more inclusive
and effective digital information environment. With this work, we intend to provide a
comprehensive overview to make Persian language datasets more accessible and navigable.
The continued refinement of these datasets, the enhancement of machine learning models,
and the expansion of system applicability are essential to meeting the practical needs of
Persian language users and implementing these advancements.
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The following abbreviations are used in this manuscript:

ANN Artificial neural network

AI Artificial intelligence

BERT Bidirectional Encoder Representations from Transformers

CNN Convolutional neural network

CV Computer vision

DL Deep learning

DLA Document layout analysis

DNN Deep neural network

DTrOCR Decoder-only Transformer for Optical Character Recognition
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GRU Gated recurrent unit

IR Information retrieval

k-NN k-nearest neighbors

LM Language model

LSTM Long short-term memory

ML Machine learning

MLP Multilayer perceptron

NLP Natural language processing

OCR Optical character recognition

RNN Recurrent neural network

SMT Statistical machine translation

SVC Support vector classifier

TLD Text line detection

VS Vector space (model)
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