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Abstract—Despite remarkable advances in handwriting text recognition (HTR), progress has remained overwhelmingly concentrated
on Latin scripts. Cursive, right-to-left writing systems such as Persian, whose 32 letters exhibit complex positional variants and are
frequently distinguished only by subtle diacritical marks, continue to lack large-scale, publicly available resources capable of supporting
modern deep learning pipelines. Existing Persian datasets are typically restricted to isolated characters or words, omit line-level
transcriptions, or provide no demographic metadata, thereby impeding both technical progress and broader studies in writer analysis.
We introduce MPHD, a multi-purpose offline Persian handwriting dataset collected from 500 native writers. It contains 75,430 words
and 333,545 characters across 5,021 carefully annotated text lines, released at three complementary levels of granularity (full-form
pages, cropped text regions, and isolated characters) together with rich demographic attributes (age, gender, education, handedness,
and spectacles usage). Extensive experiments on four core tasks, HTR, line segmentation, writer identification, and character/digit
recognition, reveal a stark performance hierarchy: character and digit recognition exceed 96% accuracy, writer identification reaches

95.19% Top-1 accuracy, and line segmentation remains substantially harder (mloU below 0.45), while HTR itself proves the most
demanding task. State-of-the-art Vision Transformer models attain only 2.17% CER on fixed text yet degrade to 21.34% CER on
variable text, a gap driven by heavy reliance on lexical memorization rather than robust visual understanding that exposes
fundamental limitations in fine-grained diacritic discrimination and generalization to unseen lexical content. MPHD thus provides a
rigorous and previously unavailable benchmark for advancing cursive script understanding.

Index Terms—Multi-Purpose, Multi-Granularity, Dual-Text, Handwritten Text Recognition, Line Segmentation, Writer Identification,
Character Recognition, Handwritten Analysis, HTR, ViT, CRNN, Dataset, Benchmark.

1 Introduction

Andwriting Text Recognition (HTR) has long stood as
H a cornerstone challenge in pattern recognition and com-
puter vision, with profound implications spanning historical
document preservation, automated data entry, biometric au-
thentication, and accessibility systems. While the past decade
has witnessed remarkable advances, driven by the prolifera-
tion of deep learning architectures ranging from CNNs and
RNNs to Transformers, as comprehensively surveyed in [1],
and further exemplified by domain-specific benchmarks such
as BNU-Exam-HTR [2] designed to tackle sequential and vi-
sual artifacts in examination scripts, these successes have been
overwhelmingly concentrated on Latin scripts. Benchmark
datasets such as BullingerDB [3], IAM [4] and RIMES [5] have
provided the empirical foundation for these breakthroughs.
The same cannot be said for cursive, right-to-left scripts
with rich morphological complexity, where progress remains
disproportionately slow. The Persian language, whose literary
and scientific corpus represents one of the world’s most endur-
ing cultural heritages [(], is rendered in a cursive script that
amplifies all the difficulties mentioned above. Its 32 letters
assume context-dependent forms (i.e., initial, medial, final, or
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isolated) as illustrated in Table m, and several letters share
identical base shapes, distinguished solely by the number and
placement of diacritical dots (e.g., & «u ay a, & 2 & &>
j ¢ ¢, etc.), making accurate recognition highly sensitive to
image resolution, noise, and writing style. Table P further
illustrates this challenge by presenting pairs of words that
differ only by the presence or position of a single diacrit-
ical dot, demonstrating how a minor writing variation can
lead to entirely different meanings. This intrinsic ambiguity,
compounded by the natural variability of human handwriting
such as slant, stroke thickness, and spacing, renders Persian
handwriting recognition a uniquely difficult problem that
cannot be adequately addressed by models trained on Latin
or other script datasets without considerable adaptation.
Despite the growing demand for robust Persian hand-
writing recognition systems, fueled by cultural heritage dig-
itization, administrative automation, and the proliferation
of Persian digital content, the research community has long
suffered from a scarcity of comprehensive, publicly avail-
able benchmark datasets. Existing Persian resources, while
valuable in their specific niches, suffer from fundamental
limitations that render them_inadequate for modern HTR
pipelines. The Hoda dataset [[7], though widely cited, is con-
fined to isolated digits and thus cannot support continuous
text recognition. The IFN/Farsi database [§] is inspired by
the Arabic IFN/ENIT corpus [J]; both are word-level datasets
comprising city names. Moreover, the IFN/ENIT corpus lacks
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TABLE 1: The 32 letters of the Persian alphabet and their contextual forms according to their position and joining behavior
within a word. Here, Iso, Ini, Med, and Fin denote isolated, initial, medial, and final forms, respectively.

No. Iso Ini Med Fin | No. Iso Ini Med Fin | No. Iso Ini Med Fin | No. Iso Ini Med Fin
1 T T T T 9 a = . C_ 17 e o aan ue- 25 S S < SO
2 o o >~  w | 10 > > > > 18 wo 26 24 ya| 26 S 3 X &
: SR U 6 T S S 53019 b b kb k|21 g J L &
4 o 3 x e | 12, ) | 20 b b B B | 28 s o o A
5 [CT | S e 13 j j j j 21 E =< = & 29 O 5 — O
6 z = = | M4 5 5 o2 & £ = &2 |3 9 9 9 9
7 z = = & 15 v e g | 23 - T 4 .8 31 6 o a
8 & > = x| 16 b b oSie o | 24 0§ B3 & & | 32 s 2 =+ o

several Persian-specific letters (e.g., S @ «p), and like
other word-level resources, neither dataset is optimally suited
for modern line-level HTR pipelines. The Sadri dataset [L0],
representing a significant effort with 500 writers and seven-
page forms, remains one of the most comprehensive Persian
resources; however, it does not provide line-level transcrip-
tions, limiting its direct applicability to modern HTR systems
that rely on line-wise training and evaluation. More recently,
the Khayyam dataset [11] has been introduced as a large
unconstrained collection of 44,000 words. However, like most
existing Persian resources, it is primarily word-level and does
not provide line-level annotations, limiting its direct applica-
bility to contemporary HTR systems. Other datasets, such
as FHT dataset [12], while valuable and line-level annotated,
are substantially smaller, lack isolated character samples and
structured demographic metadata, and are stored in a legacy
format, constraints that preclude their use as a compre-
hensive benchmark for modern multi-task HTR evaluation.
Consequently, a clear and persistent research gap exists: no
publicly available Persian handwriting dataset simultaneously
provides (i) line-level annotated continuous text, (ii) both
constant and variable text types, (iii) isolated character sam-
ples for fine-grained recognition, (iv) thematic text diversity,
and (v) rich demographic metadata, all within a unified, well-
annotated collection. This gap is particularly relevant for pale-
ographic and stylistic analysis. Our recent work on end-to-end
modeling of historical handwriting styles [13] highlighted the
value of fine-grained structural annotations for style analysis,
a capability that current Persian datasets largely lack and
that MPHD aims to provide. Similarly, our previous deep
learning framework for text-independent writer identification
[14] demonstrated promising results on non-Persian scripts,
yet lacked a sufficiently rich Persian benchmark for validation
at both line and character levels. Our prior experience in
designing historical manuscript collections [[15] and large-scale
visual datasets [[16] has directly informed the data collection
and annotation protocols of MPHD, ensuring both scalability
and demographic representativeness.

To address this critical gap, we introduce the Multi-
purpose Persian Handwriting Dataset (MPHD), a compre-
hensive, publicly available, and multi-purpose offline Persian
handwriting dataset. MPHD comprises handwritten forms
collected from 500 native Persian writers, with a balanced
distribution across five education levels and an age range of
11 to 36 years. Each writer contributed three distinct com-
ponents, a fixed text, a variable text and a set of 90 isolated
characters organized at three levels of granularity: full-form

TABLE 2: Examples of Persian letter groups with similar
base shapes and diacritical differences, highlighting visual
confusion through contrasting word pairs.

Letter Group ‘Words with similar base shapes

Uiz (Department) — sy (Broadcast)
teee Sz (Harp) — iz (War) — &5 (Dumb)

(G I e ]

30 > (Your heart) — 3 (Humiliation)
DD 555 (Thief) — 5)> (Pain)

oW g s (Garlic) — pui (Milk)

bbb solb (Pure) — yols (Apparent)

E € wuce (Fault) — wue (Unseen)
S o8 (Mouth) — o8 (Step)

images, cropped text regions, and individual character images.
Comprehensive metadata, including writer demographics, is
provided in a structured CSV file along with JSON ground
truth files, enabling a wide range of downstream analyses
beyond mere transcription.

MPHD offers several distinctive advantages over exist-
ing Persian handwriting datasets. First, its dual-text de-
sign, combining a fixed reference text with variable thematic
texts, enables rigorous evaluation of HTR models under
both controlled and realistic conditions, while also facilitating
content-based retrieval tasks. Second, the inclusion of isolated
characters (90 per writer) provides a dedicated resource for
character-level analysis and for studying the influence of
demographic factors on the shape of individual glyphs. Third,
the dataset’s balanced demographic composition enables sys-
tematic investigation of the relationship between handwriting
and writer characteristics, including age, gender, education,
handedness, and spectacles usage. This direction has received
limited attention in the Persian context due to data scarcity.
Fourth, all data components (full forms, cropped texts, iso-
lated characters, transcriptions, and metadata) are complete,
consistent, and publicly released with a permissive license, en-
suring reproducibility and facilitating comparative research.
To the best of our knowledge, and as evidenced by the
comparative analysis in Table §, MPHD is the first publicly
available dual-text design Persian handwriting dataset that
simultaneously supports HTR, line segmentation, writer iden-
tification, and character recognition within a unified frame-
work, while also providing rich demographic annotations for
auxiliary studies in graphology and behavioral biometrics. In
total, the dataset comprises over 75,000 words and 330,000
characters (excluding spaces) across all text components,
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TABLE 3: Comparison of representative handwriting datasets across different scripts. MPHD uniquely provides multi-level
annotations alongside comprehensive demographic metadata, while remaining publicly available. For details, see Section 2.

Dataset Script/Lang. # Writers  # Samples Text Level Multi-Task Metadata & Availability

KHATT [L7] Arabic 1,000 4,000 paragraphs Paragraph/Line Yes Yes (gender, age, education,
handedness); Public

HICMA [1§] Arabic - 5,031 pg Manuscript/Calligraphy No Yes (Style labels); Public

IFN/ENIT [g] Arabic 411 26,459 words Word Yes Yes (age, gender, etc.); Public

AHDB [L9] Arabic 100 3,000+ words Line/Word Yes Limited; Public

IAM [ English (Latin) 657 1,539 pg, 13,353 In Paragraph/Line/Word Yes Limited (GT, writer ID); Public

RIMES [3] French (Latin) 1,300+ 12,723 pg, 12,000+ In Page/Line Yes Limited (writer ID); Public

OpenITI MAKHZAN [24]  Multi-language - 1,500 pg Page/Line Yes Yes(source, script); Public

NUST-UHWR [21] Urdu 1,000+ 10,608 In Line Yes Yes (age, gender, background);
Public

Sadri [[L(] Persian 500 3,500 pg Page/Word/Char Yes Yes (age, education, handedness,
gender); Public (upon request)

Khayyam [L1] Persian 400 44,000 words, 60,000 Word/Isolated char No Limited metadata,

letters, 6,000 digits Public (upon request)

Hoda [i] Persian - 102,352 digits Digit No No metadata; Public

FHT [12] Persian 250 1,000 pg Page/Line Yes Limited; Public (.mat files)

MPHD (Ours) Persian 500 500 pg, 1,000 images, Full Form/Line/Char Yes Yes (gender, education,

2 texts, 5,021 In,
45,000 chars

handedness, spectacles, age)
Public

TABLE 4: Summary statistics of the MPHD dataset, includ-
ing word, character, and line counts for the fixed (Text 1) and
variable (Text 2), along with their combined totals.

Metric T1 (Fixed) T2 (Var.) Combined
Total Writers 500 500 500
Isolated Chars — — 45,000
Text Lines 2,745 2,276 5,021
Words 39,996 35,434 75,430
Chars (w/o spaces) 183,958 149,587 333,545
Avg. Words / Writer 80.0 70.9 150.9
Avg. Chars / Writer 367.9 299.2 667.1

along with 45,000 isolated character images and more than
5,000 line-level annotated text lines (see Table H for a detailed
breakdown), making it one of the most comprehensive multi-
purpose Persian handwriting resources to date.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on existing datasets specifically
for handwriting recognition in Persian with a quick review on
the similar datasets for relevant languages such as, Arabic,
Urdu and English-script languages, highlighting the research
gaps that MPHD addresses. Section 3 provides a detailed
description of the MPHD dataset, covering the data collection
protocol, form design, annotation process, and data structure.
It also presents comprehensive statistics and demographic
analysis, offering insights into the dataset’s composition and
potential applications. Section 4 reports baseline experimen-
tal results for the primary tasks supported by MPHD, hand-
writing text recognition, writer identification, line segmen-
tation, and character and digit recognition, using baseline
and state-of-the-art approaches, including Vision Transformer
(ViT)-based models. Finally, Section 5 concludes the paper
with a summary of contributions, a discussion of limitations,
and directions for future work.

2 Related Work

The development of robust handwriting recognition systems
is fundamentally dependent on the availability of compre-
hensive, well-annotated benchmark datasets. Over the past
three decades, numerous datasets have been introduced for

various scripts, each contributing to advances in handwriting
text recognition (HTR), writer identification, and document
analysis. However, as highlighted in the introduction, the
Persian language remains significantly underrepresented in
this landscape. This section reviews the most relevant existing
handwriting datasets and methodologies, with a particular
focus on Persian and other representative languages, to con-
textualize the contributions of the proposed MPHD dataset.

2.1 Handwriting Datasets for Latin Scripts

The TAM Handwriting Database [4] stands as the most
widely used benchmark for English handwriting recognition.
It comprises 1,539 scanned document pages written by 657
distinct writers, providing a rich resource for both HTR and
writer identification tasks. Similarly, the RIMES (REcon-
naissance d’Inscriptions Manuscrites et d’Ecritures en-ligne)
database [5] offers French handwriting samples, while the
CVL database [22] provides multi-script German and English
handwriting data. These datasets have been instrumental in
advancing the state of the art in Latin-script handwriting
recognition, enabling the development and evaluation of in-
creasingly sophisticated deep learning architectures. The suc-
cess of these resources underscores the critical need for equiva-
lent benchmarks for non-Latin scripts, particularly those with
cursive, right-to-left writing systems.

2.2 Handwriting Datasets for Arabic Script

Given the structural and visual similarities between Persian
and Arabic scripts, Arabic handwriting datasets provide valu-
able reference points. The KHATT (KFUPM Handwritten
Arabic TexT) database [L7] is one of the most comprehen-
sive Arabic handwriting resources. It consists of handwritten
forms from 1,000 distinct writers from various countries,
producing 2,000 similar-text paragraph images and 2,000
unique-text paragraph images. The dataset includes manually
verified ground-truth text and covers diverse topics including
arts, education, health, nature, and technology. Importantly,
KHATT provides writer demographic information including
gender, age group, handedness, and education level, mak-
ing it suitable for demographic analysis studies similar to
those enabled by MPHD. The database is freely available for
academic and research purposes. More recently, the HICMA
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(Handwriting Identification of Manuscripts and Calligraphy
in Arabic) dataset [L§] was introduced as the first publicly
available dataset featuring real-world Arabic handwritten text
from manuscripts and calligraphy. With more than 5,000
images across five different writing styles, HICMA provides
image-text pairs and style labels, addressing a gap in the eval-
uation of Arabic OCR systems on historical and artistic texts.
The OpenlTI MAKHZAN dataset [20] further contributes
to Arabic-script research as a large aggregation of ground-
truth data drawn from Persian, Arabic, Ottoman Turkish,
and Urdu print and handwritten documents. The multi-script
handwritten database (MSHD) [23] also provides a valuable
resource, containing 1,300 Arabic and French handwriting
samples written by 100 writers. Additional Arabic-script re-
sources include the Arabic Handwriting Database (AHDB)
[19], which provides line- and word-level samples, and the
multi-script handwritten database (MSHD) [23], containing
1,300 Arabic and French handwriting samples from 100 writ-
ers, further enriching the pool of publicly available resources
for Arabic-script analysis.

2.3 Handwriting Datasets for Urdu Script

Urdu, which shares the Perso-Arabic script with Persian, has
benefited from more recent dataset development efforts. The
NUST-UHWR (National University of Sciences and Tech-
nology - Urdu Handwritten Recognition) dataset [21] is the
first published large-scale, unconstrained Urdu handwriting
corpus. It includes 10,608 text lines written by nearly 1,000
contributors. Similarly, the Khat-e-FAST dataset [25] and
the UPTI benchmark corpus for printed Urdu text provide
additional resources for Urdu OCR research. These datasets
collectively encompass a wide range of script variations, cap-
turing the diversity of writing styles and character-level com-
plexities. The UCOM offline dataset [26] provides 600 pages of
handwritten Urdu text written in the Nasta’liq style, while the
CENIP-UCCP (Center for Image Processing-Urdu Corpus
Construction Project) has developed an Urdu handwritten
database for benchmarking purposes [27]. The existence of
these resources for Urdu highlights the comparative scarcity
of publicly available Persian handwriting datasets and under-
scores the value of the proposed MPHD dataset.

2.4 Persian Handwriting Datasets

Despite the rich history and widespread use of Persian, the
number of publicly available handwriting datasets for this
language remains remarkably limited. The Sadri Persian
Handwritten Database [10], introduced in 2016, represents
one of the most comprehensive efforts to date. It consists of
forms completed by 500 native Persian writers (250 male, 250
female), randomly selected from across Iran. The database
includes a vast collection of isolated digits, connected digits,
dates, words, names, alphabet letters, free text, and math-
ematical symbols. Importantly, each sample is accompanied
by writer metadata including gender, age, handedness, and
education level. The dataset is available in three formats
(color, grayscale, and binary) and is pre-divided into train-
ing, validation, and test sets. While the Sadri dataset is a
valuable resource, its primary focus is on isolated characters
and words rather than continuous text recognition, which
limits its applicability for modern HTR systems that require

4

line-level or paragraph-level training data. The recently in-
troduced Khayyam Offline Persian Handwriting Dataset [[L1]
(2024) represents another significant contribution. Khayyam
contains 44,000 words, 60,000 letters, and 6,000 digits writ-
ten by 400 native Persian writers. The dataset intentionally
focuses on collecting unconstrained Persian word samples,
which were relatively scarce in previously available resources.
While Khayyam addresses the word-level gap in Persian
handwriting resources, its availability for broad academic use
requires verification. Other Persian datasets include the Hoda
dataset [[], which is limited to isolated digits and does not
address continuous text recognition; the FHT (Farsi Hand-
written Text) dataset [12], which provides line-level annota-
tions from 250 writers but is substantially smaller in scale,
lacks isolated character samples and structured demographic
metadata, and is primarily available in a legacy format that
limits its usability in modern deep learning pipelines; and the
IFN/Farsi [§] dataset, which is used primarily for word-level
HTR evaluation. The CENPARMI-F (Farsi Dataset) [24] is
another resource but is primarily focused on digit recognition.
Despite these efforts, no publicly available Persian handwrit-
ing dataset simultaneously supports these four tasks within a
unified, well-annotated collection.

2.5 Research Gap and Motivation

The review of existing datasets reveals several critical gaps
that motivate the introduction of MPHD. First, while Arabic
and Urdu have benefited from recent large-scale dataset initia-
tives (KHATT with 1,000 writers, NUST-UHWR with 1,000
contributors), Persian lacks a comparably large and publicly
accessible dataset for continuous text recognition. Second,
existing Persian datasets are either limited in scope (Hoda:
digits only; Sadri: primarily isolated characters and words),
distributed in legacy formats with limited modern usabil-
ity (FHT), or of constrained public availability (Khayyam).
Third, no existing Persian dataset provides the multi-level
structure, full forms, cropped text regions, and isolated char-
acters that enables comprehensive evaluation across multiple
tasks. Fourth, while the Sadri dataset includes demographic
metadata, MPHD extends this with a more structured and
balanced design, including five thematic text categories. As
summarized in Table E and discussed in Section 1, MPHD
uniquely addresses these gaps through its unified multi-task
design and rich demographic metadata.

3 Dataset Description

In this section, we provide a comprehensive description of
the Multi-purpose Persian Handwriting Dataset (MPHD). We
detail the data collection protocol, writer demographics, form
design, data structure, text components, isolated characters,
line-level transcriptions, and the accompanying metadata.
The dataset is designed to support multiple handwriting
analysis tasks.

3.1 Data Collection Protocol

The MPHD dataset was collected through a carefully designed
and systematic process to ensure diversity, quality, and repre-
sentativeness of Persian handwriting. The data collection was
conducted over approximately a year and involved 500 native
Persian writers from various regions of Iran.
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(a) Blank form

(b) Filled sample 1

(c) Filled sample 2

Fig. 1: The MPHD data collection form: (a) blank form; (b, c) filled samples by two writers with postgraduate education.

A standardized paper-based form was designed for data
collection, comprising three main sections: a fixed text para-
graph, a variable text paragraph selected from one of five
thematic categories, and a dedicated section for writing 90
isolated characters. This design captures handwriting in both
controlled settings, through the fixed text and isolated charac-
ters, and unconstrained settings via the variable text, thereby
supporting a wide range of downstream tasks. A blank form
along with two filled samples is illustrated in Fig. [l|.

The forms were distributed to participants across diverse
cities and educational institutions in Iran. Writers were asked
to transcribe the two texts and the 90 characters in their
natural handwriting style, without any constraints on writing
speed, slant, or spacing. No specific writing instrument was
mandated, allowing participants to use their preferred pens,
which further enhances the natural variability of the collected
samples. All completed forms were scanned and saved as
PNG images of size 1240 x 1748 pixels to preserve quality
and facilitate further processing. Each image was manually
inspected to ensure clarity and completeness.

For each writer, the handwritten texts were transcribed
into plain text files using UTF-8 encoding. The transcription
files contain two paragraphs: the first corresponding to the
fixed text (Text 1) and the second to the variable text
(Text 2). These transcriptions serve as the ground truth
for handwriting text recognition (HTR) tasks. In addition,
as detailed in Section 3.6, all textual annotations, including
paragraph-level and line-level transcriptions, are consolidated
into structured JSON files to streamline data access and
ensure compatibility with modern HTR pipelines.

All participants were informed about the purpose of the
data collection and provided their informed consent. The
dataset is fully anonymized: no personally identifiable infor-
mation, such as names or national IDs, is included. Each
writer is identified solely by a unique three-digit ID, ensuring
privacy while enabling longitudinal or demographic analysis.

3.2 Writer Demographics

A key strength of the MPHD dataset lies in its rich de-
mographic metadata, which enables a wide range of studies
beyond pure handwriting recognition, including line segmen-
tation, writer identification, forensic analysis, and the esti-
mation of age, gender, and education from handwriting. The
demographic composition of the 500 writers is summarized in
Tablega and detailed in the following;:

The dataset exhibits a nearly balanced gender distribu-
tion, comprising 251 male (50.2%) and 249 female (49.8%)
writers. Writers range from 11 to 36 years, mean age 18.3,
median 17, and std 5.1 years. The majority of writers (41.6%)
are in the 16-20 age bracket, reflecting a predominantly young
and educationally diverse population. This distribution is
valuable for studying handwriting variations across develop-
mental stages, from adolescence to early adulthood.

Education levels are evenly distributed across five cate-
gories, each containing approximately 100 writers (roughly
20% per level): Primary, Secondary, and High School, Bach-
elor, and Postgraduate. This balanced design enables re-
searchers to investigate the correlation between educational
background and handwriting style, including aspects such
as letter formation, spacing, and overall legibility. In terms
of handedness, the dataset reflects global population statis-
tics [28], with 455 right-handed (91%) and 45 left-handed
writers (9%). Additionally, 137 writers (27.4%) report using
spectacles, while 363 (72.6%) do not, providing a basis for
analyzing whether visual correction influences handwriting
characteristics such as stroke thickness, slant, or spacing.

In addition to the structured metadata stored in the JSON
files, all demographic information is systematically encoded
in the folder naming convention. Each folder is named in
the format ‘[ID]-[CODEJ‘, where the three-digit ID uniquely
identifies the writer and the eight-character CODE (format
‘XXXXXX_Y*) encodes the key demographic attributes.
Specifically, the first two digits denote the writer’s age; the
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TABLE 5: Demographic summary in the MPHD, including age group, education, handedness, spectacles usage, and gender.
Age Count (%) Education Count (%) Hand Count (%) Glasses Count (%) Gender Count (%)
11-15 115 (23.0%)  Primary 100 (20.0%)  Right 455 (91.0%)  Yes 137 (27.4%)  Male 251 (50.2%)
16-20 208 (41.6%)  Secondary 100 (20.0%)  Left 45 (9%)  No 363 (72.6%)  Female 249 (49.8%)
21-25 114 (22.8%)  High School 100 (20.0%)
26-30 50 (10.0%)  Bachelor 101 (20.2%)
31-35 9 (1.8%)  Postgrad. 99 (19.8%)

36-40 4(0.8%)

third digit represents the education level (1: Primary School,
2: Secondary School, 3: High School, 4: Bachelor, 5: Post-
graduate); the fourth digit indicates gender (0: Female, 1:
Male); the fifth digit specifies handedness (0: Right-handed,
1: Left-handed); the sixth digit denotes spectacles usage (0:
No glasses, 1: Uses glasses); and the final digit after the
underscore specifies the Text 2 category (1: Sport, 2: Health, 3:
Technology, 4: Economy, 5: History). For instance, the folder
‘050-173010__3° corresponds to writer ID 50, aged 17, with
a High School education, who is female, left-handed, does
not use glasses, and wrote a Technology text. This encoding
scheme not only facilitates efficient data organization but also
allows for rapid demographic filtering and subset selection
without parsing external metadata files.

3.3 Form Design and Data Structure

The MPHD dataset is organized around a carefully designed
paper-based form that captures both constrained and uncon-
strained handwriting samples from each writer. This section
describes the physical form design and the resulting multi-
level data structure.

Form Design: The data collection form is divided into three
main sections, as illustrated in Fig. [ll. The first section con-
tains the fixed text (Text 1), a carefully selected paragraph
from Wikipedia designed to include all 32 Persian letters in
different positional forms. The second section contains the
variable text (Text 2), which is selected from one of five
thematic categories. The third section consists of a grid of
90 cells where writers are asked to write isolated characters,
including 62 distinct letter forms derived from the 32 Persian
letters (covering the most common positional variations),
10 digits, 10 common punctuation marks, and 8 arithmetic
symbols. This design enables the collection of handwriting at
three levels of granularity: full-form documents, text regions,
and isolated characters.

Data Structure: The dataset is organized at three levels of
granularity to support a wide range of research tasks, from
document-level analysis to character-level recognition. Where
Table B summarizes the three levels of data organization and
their corresponding applications.

Level 1: Full-Form Images Each writer’s completed form
is scanned and saved as a single image in PNG format. The
full-form image provides the complete context of the hand-
writing, including the layout, margins, and overall writing
style. These images are named as ‘[ID]-[CODE].png‘ (e.g.,
‘050-173010_3.png‘) and are essential for document layout
analysis and holistic handwriting analysis.

Level 2: Cropped Text Regions For each writer, the two
text sections are cropped from the full-form image and saved
as separate images. Text 1 (fixed) is saved as ‘[ID]-T1.png’,

and Text 2 (variable) is saved as ‘[ID]-T2-[CAT].png‘, where
‘(CAT)¢ denotes the thematic category (1-5). These cropped
images allow researchers to focus on the text content without
the distraction of the surrounding form elements, making
them ideal for HTR and line segmentation tasks.

Level 3: Isolated Characters Each of the 90 isolated
characters written in the grid is segmented and saved as
an individual image. These images are stored in a sub-
folder named ‘Chars/‘ within each writer’s directory, with
filenames following the pattern ‘[ID]_Char XX.png‘ (e.g.,
‘001__Char_01.png‘). This level provides a clean dataset for
character and digit recognition, handwriting style analysis,
and demographic studies.

Directory Structure: All data for each writer is organized in a
single folder with the naming convention ‘[ID]-[CODE]‘ (e.g.,
050-173010_3). The folder contains the full-form image, the
cropped text region images, the transcription file, and the
‘Chars/‘ subfolder containing the isolated character images.
This consistent structure ensures easy navigation and com-
patibility with common data loaders.

Transcription and Annotation: For each writer, all textual
ground-truth information is consolidated into a single JSON
file named [ID]-[CODE].json, which replaces the legacy plain-
text format. This structured file contains the full paragraph-
level transcriptions of both Text 1 and Text 2 under dedicated
fields, as well as line-level transcriptions stored as arrays of
strings, where each string corresponds to a single handwritten
line in the corresponding cropped text image. This unified
format preserves the complete annotation hierarchy required
for both full-paragraph and line-level handwriting text recog-
nition (HTR). The line-level annotations are particularly es-
sential for modern sequence-to-sequence HTR models, which
typically operate on segmented lines, and they enable direct
compatibility with established evaluation protocols without
additional preprocessing.

Metadata: A comprehensive metadata file (‘metadata.csv*) ac-
companies the dataset, providing structured access to writer
demographics and file paths. Each row in the CSV file corre-
sponds to one writer and includes columns for writer ID, age,
education level, text category, gender, handedness, spectacles
usage, and paths to all image and transcription files. This
metadata enables researchers to easily filter and select subsets
of data based on specific criteria.

3.4 Text Components

The MPHD dataset includes two distinct text components for
each writer: a fixed text (Text 1) and a variable text (Text
2), whose design rationale and advantages are discussed in
the introduction. The following subsections describe each text
component in detail.



PREPRINT, VOL. XX, NO. X, AUGUST 2026

7

TABLE 6: Summary of the three-level data structure in the MPHD. Each level provides different granularity of handwriting

data, supporting a wide range of research tasks.

Level Description File Format Application

Level 1  Full-form image [ID] - [CODE] .png Document layout analysis, holistic handwriting anal-
ysis

Level 2 Cropped text regions [ID]-T1.png, [ID]-T2-[CAT] .png HTR, line segmentation, document classification

Level 3  Isolated characters Chars/[ID] _Char_XX.png Character recognition, handwriting style analysis

3.4.1 Fixed Text (Text 1)

The fixed text, referred to as Text 1, is a carefully selected
paragraph from the Persian Wikipedia entry on Gondishapur
University (joyliog3S oBuwils). This text was chosen for its
linguistic richness and its coverage of all 32 Persian letters,
appearing in various positions such as initial, medial, final,
or isolated. The text is identical for all 500 writers, providing
a controlled reference for evaluating handwriting recognition
models and writer identification methods.

Key characteristics: Text 1, serving as the fixed refer-
ence text, comprises 80 words and 368 characters (excluding
spaces) in its canonical form. Across writers, the average
length is 80.0 words and 367.9 characters per writer, nearly
identical to the canonical form; the small residual deviation is
due to a few writers who omitted or duplicated one or more
words. The content is a historical passage on Gondishapur
University, one of the oldest academic institutions in the
Middle East, and is carefully designed to encompass all 32
Persian letters in their various positional forms of initial, me-
dial, final, or isolated. This design makes Text 1 a controlled
benchmark for evaluating both handwriting text recognition
(HTR) models and writer identification algorithms, as the
fixed content eliminates content variability while retaining
natural writing diversity. A sample of Text 1, along with its
English translation, is presented below.

355 Goglivgaizy |y o hel aSibz jgilingaiS ouwils
ol olibwlw abubw 5l 633lo gl ay )BT j1 LSy 35,510
oSy (5 liwl jl «odd oo WV 5l Giw U g
rhs oS GloShg jl a5 dedie wawre ailbuoygls
laize 5> 505wl g yailing S el 1595
Olued G035 )> 9 Olwje Yliwl Jlad (béhe>
ol Uol> Wy .l GBL T glodilyg ojgrel aS Jod)>
bus g b 039y o )3 @S Bl 9 Gl Loy Cuw

IFAE/0A/PS :LasSug 5l -l 63

“Gondishapur University, as the Arabs called it
"Jundishapur,’ is one of the remaining monuments
of the Sassanid dynasty. With a history of over 17
centuries, it is considered one of the oldest uni-
versities in the Middle Fast and possesses unique
features! Gondishapur is an ancient city located in
the geographical coordinates of northern Khuzestan
province, near the city of Dezful, whose ruins still
remain today. Its fame is particularly due to the
hospital and university that were established there.
From Wikipedia: 1394,/08/26.”

The fixed text is saved as a separate image for each writer,
cropped from the full-form image and named ‘[ID]-T1.png"
The corresponding transcription along with other related
information is provided in the file ‘{ID]-[CODE].json"

3.4.2 Variable Text (Text 2)

The variable text, referred to as Text 2, comprises 500 texts
(one per writer), with 100 samples per category, each contain-
ing between 28 and 111 words (excluding spaces). On average,
Text 2 contains 70.9 words and 299.2 characters (excluding
spaces) per writer, resulting 35,434 words and 149,587 char-
acters across the dataset. Text 2 is selected from a collection
of texts covering five thematic categories which are Sport
(Code 1), Health (Code 2), Technology (Code 3), Economy
(Code 4), and History (Code 5). Sport-related texts primarily
focus on football, including match reports, player profiles, and
event coverage. The Health category encompasses topics such
as disease prevention, wellness advice, and medical research
findings. Technology texts cover areas including artificial in-
telligence, software development, and digital transformation.
Economy-related samples discuss market trends, economic
policies, and business strategies. Finally, the History category
includes texts on Persian history, ancient civilizations, and
historical analysis. This component is designed to evaluate
HTR models on diverse topics and enable research in doc-
ument classification and content-based retrieval too. Each
writer’s variable text is saved as a cropped image named ‘[ID]-
T2-[CAT].png‘, where ‘{CAT] is the category code (1-5). The
corresponding transcription is in the JSON file. The following
is a sample of Text 2 from the Health category:

3)) 5 w9 @ 039)T aS Al L9 buwgi 35 5 (5)law”

039)T (gl luil ()) G b duig (2l 290 Jiiie cuwl

0929 Ol 9 3Se Wl 1) wgyg Jolo G 0)) i @y

il Glaaud .S e Jéiie pllw ghlailiuw ¢ logludl ay |

ol @ Wl gl oSe (iRl 29i Supel o L8

"abbe 6)lan

“Yellow fever is transmitted by a type of mosquito

that is infected with the yellow fever wvirus. This

mosquito, by biting humans infected with yellow

fever, acts as a carrier of the virus and transmits

it to healthy humans and mammals. Parts of Africa

and South America are the most common places for

contracting this disease.”

To further characterize the textual properties of the
dataset, Fig. P presents a detailed linguistic analysis. Panel
(a) shows the distribution of characters per line by gender,
indicating that female writers tend to produce slightly longer
lines on average, though the overlap is substantial. Panel
(b) visualizes the consistency of individual writing style by
comparing character density between the fixed and variable
texts, revealing that each writer maintains a consistent den-
sity across different content. Panel (c) reports the average
word length across the five thematic categories, confirming
that the topic does not introduce significant variation in
lexical complexity, which ensures fair evaluation of content-
based retrieval tasks.
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(a) Density: Characters per Line by Gender
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Fig. 2: Detailed linguistic analysis of the MPHD. (a) Density plot of characters per line, split by gender, revealing subtle
differences in line length between genders. (b) Consistency plot comparing per-writer character density between Text 1 (fixed)
and Text 2 (variable), demonstrating stable individual writing style across content. (c) Average word length across the five
thematic categories showing that topic does not significantly affect word complexity, confirming the balanced design of Text 2.

3.5 Line-Level Transcriptions

A distinctive feature of the MPHD dataset is the integration of
line-level transcriptions directly within the structured JSON
file associated with each writer. While the full text of both
the fixed and variable components is stored as continuous
paragraphs to support document-level analysis, the dataset
additionally preserves line-level annotations as distinct arrays
of strings. This hierarchical design ensures that the ground-
truth text aligns precisely with each handwritten line in
the corresponding cropped image, a prerequisite for training
modern handwriting text recognition (HTR) systems.

Contemporary HTR architectures, particularly those built
upon recurrent neural networks or Transformer backbones,
typically process handwritten content one line at a time.
This line-wise formulation simplifies the sequence modeling
objective, whether optimized via connectionist temporal clas-
sification or attention-based decoding. By embedding the line-
level transcriptions into the unified JSON schema, MPHD
eliminates the need for researchers to perform manual line
segmentation or alignment, thereby enabling direct training
and evaluation of such models with minimal preprocessing
overhead.

For each writer, the cropped text region images, namely
[ID]-T1.png and [ID]-T2-[CAT].png, were manually anno-
tated at the line level by a human expert. For every image,
the annotator delineated the natural line breaks made by
the writer and recorded the corresponding text segments.
These segments were then encoded as ordered lists within
the corresponding JSON file, rather than being stored as
separate plain-text files. This approach not only preserves the
fidelity of the original writing layout but also ensures that
the segmentation reflects the writer’s intrinsic line-breaking
behavior, rather than arbitrary algorithmic splits.

The JSON file follows a naming convention that mirrors
the folder structure: [ID]-[CODE] . json. Within this file, the
line-level transcriptions for Text 1 and Text 2 are accessible
under the textl.lines.text and text2.lines.text fields,
respectively, with each entry corresponding sequentially to
a handwritten line in the associated image. Additionally,
the full paragraph-level transcriptions are retained under the

full_text fields, accommodating researchers who prefer to
work with whole-document inputs for applications such as
language modeling or holistic document classification.

The provision of unified JSON annotations substantially
lowers the barrier to entry for HTR research on MPHD. Prac-
titioners can directly load the image and its corresponding
line-level transcription from a single source, apply standard
preprocessing steps (e.g., binarization or deskewing), and
train sequence-to-sequence models without the overhead of
managing multiple file formats. This streamlined pipeline en-
hances reproducibility across studies and enables fine-grained
evaluation at the line level, facilitating the computation of
character error rates (CER) and word error rates (WER), the
de facto metrics in the HTR community. Consequently, re-
sults reported on MPHD remain directly comparable to those
obtained on established benchmarks such as IAM, RIMES,
and KHATT, while benefiting from a more coherent and
maintainable data structure.

3.6

In addition to the two text components, the MPHD dataset
incorporates a dedicated section within each form, where
writers were asked to transcribe a set of 90 isolated char-
acters in a structured grid. This component provides clean,
segmented character-level data that is essential for training
and evaluating character recognition models, as well as for
studying the influence of demographic factors on the shape of
individual glyphs.

While each Persian letter can theoretically appear in up
to four positional forms (isolated, initial, medial, and final),
not all letters exhibit four distinct shapes in practice. Letters
such as > , g, etc. remain essentially unchanged across
positions, so they were requested only once. For _», which has
four clearly different forms, an additional common everyday
variant (without a standard typed counterpart) was also
included, resulting in five forms. The character 5 was likewise
added due to its frequent use in everyday writing. Conse-
quently, to capture the actual diversity of Persian handwriting
without imposing artificial distinctions, the form includes 62
visually distinct letter forms, representing the most common

Isolated Characters
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Fig. 3: Sample of 90 isolated characters from one writer, com-
prising 62 distinct letter forms (covering common positional
variations of the 32 Persian letters), 10 digits, 10 punctuation
marks, and 8 arithmetic symbols. The sample illustrates both
the diversity of handwriting styles and the visual similarity
among ambiguous letters such as &« o o or & & @ -

and meaningful variations, rather than requiring writers to
produce all 128 theoretical possibilities.

Each character is written in a designated cell on the form,
and the cells are subsequently segmented and saved as individ-
ual grayscale images. These images are stored in the Chars/
subfolder within each writer’s directory, following a system-
atic naming convention of the form [ID]_Char_XX.png, where
XX denotes a two-digit index from 01 to 90. This structured
organization ensures straightforward mapping between each
character image and its corresponding label, facilitating both
automated processing and manual verification. Fig. B shows
a sample of the 90 isolated characters written by one of the
writers, illustrating the variety of handwriting styles and the
visual similarity among certain letter groups.

The isolated character component of MPHD serves multi-
ple research purposes. It offers a clean, well-separated dataset
for training and benchmarking character-level recognition
models, which can underpin more complex HTR systems.
Moreover, it enables detailed analysis of handwriting style
variation across different demographic groups, such as age,
gender, and education level. The isolated characters also pro-
vide a valuable resource for transfer learning, where models
pre-trained on this clean data can be fine-tuned for more
challenging tasks such as line-level or word-level recognition.
Finally, the consistent alignment of these isolated forms with
the corresponding entries in Table [I| ensures coherence across
the dataset, reinforcing both the clarity and usability of
MPHD for a wide range of research applications.

3.7 Metadata

To facilitate structured access to the dataset and enable demo-
graphic analyses, MPHD is accompanied by a comprehensive
metadata file that provides essential information about each
writer in a machine-readable format. This metadata serves
two primary purposes: it enables researchers to filter and
select subsets of the data based on specific criteria such as gen-
der, age group, or education level and it provides direct paths
to all associated image and transcription files, eliminating the
need for manual file management and ensuring reproducibility
across experiments. As described in Section 3.2, folder names
follow the [ID]-[CODE] convention encoding age, education,
gender, handedness, and spectacles usage.

In addition to the folder naming convention, all metadata
is aggregated into a single CSV file (metadata.csv) with 500
rows and 26 columns. Additionally, per-writer JSON files
([ID]-[CODE].json) are provided for researchers preferring
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structured data, containing metadata, full text transcrip-
tions, line-level annotations, and character information. This
dual CSV+JSON release ensures compatibility with both
traditional data science workflows and modern deep learning
pipelines. This structure simplifies data loading in popular
frameworks such as Pandas, TensorFlow, and PyTorch, en-
abling researchers to quickly integrate MPHD into their ex-
isting pipelines. The combination of structured folder naming
and a comprehensive CSV metadata file makes MPHD excep-
tionally easy to use, allowing researchers to filter the dataset
based on demographic attributes, generate custom splits for
cross-validation, and develop reproducible experiments, all of
which align with best practices in machine learning research
and ensure that MPHD can serve as a reliable benchmark for
future studies.

4 Experimental and Evaluations

To comprehensively evaluate the MPHD dataset and establish
robust baselines for future research, we conduct four com-
plementary experiments that span multiple levels of hand-
writing analysis. First, we evaluate handwriting text recog-
nition (HTR) at both paragraph and line levels to assess
the dataset’s primary utility for transcription tasks. Second,
we benchmark line segmentation, a critical preprocessing
step that directly impacts the performance of downstream
HTR systems. Third, we conduct writer identification in
both closed-set and open-set settings to quantify the dis-
criminative power of individual writing styles. Fourth, we
assess fine-grained character and digit recognition to evaluate
the dataset’s suitability for fundamental visual classification
tasks. For each task, we employ standard, reproducible base-
line methods, ranging from pre-trained deep learning archi-
tectures to off-the-shelf OCR engines, and report a compre-
hensive set of metrics, including accuracy, F1-score, Intersec-
tion over Union (IoU), and Line Count Accuracy (LCA), to
facilitate fair and transparent comparisons with future work.
Implementation details and hyperparameters specific to each
task are provided within the respective subsections.

4.1 Handwriting Text Recognition

To establish a rigorous benchmark for the primary task sup-
ported by MPHD, we evaluate handwriting text recognition
using two_complementary architectures: a standard CRNN
baseline [29] and HTR-VT [30], a Vision Transformer-based
model specifically designed for data-efficient HTR. This sec-
tion reports comprehensive results across multiple evaluation
protocols, full test-set evaluation, fixed vs. variable text com-
parison, and fine-grained error analysis that quantitatively
confirm the intrinsic challenges of Persian script.

4.1.1 Experimental Setup

Dataset Preparation and Splits: We partition the 5,021
annotated text lines into training, validation, and test sets
with a ratio of 70:15:15, strictly separated at the writer level to
prevent data leakage. This yields 3,515 lines for training, 767
for validation, and 739 for testing. Both Text 1 (fixed) and
Text 2 (variable) lines are included in all splits, preserving
the full diversity of writing styles and thematic content. All
line images are resized to a fixed height of 64 pixels while
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TABLE 7: Handwriting text recognition results on the MPHD
test set and performance comparison between Text 1 (fixed)
and Text 2 (variable) on the test set for both models.

Model Text Type Count CER (%) WER (%)
Text 1 & Text 2 739 37.65 57.90

CRNN Text 1 (Fixed) 403 11.49 22.57
Text 2 (Variable) 336 69.80 100.9
Text 1 & Text 2 739 10.78 31.21

HTR-VT e (Fixed) 403 2.17 5.46
Text 2 (Variable) 336 21.34 62.53

preserving aspect ratio, and pixel values are normalized to the
range [0, 1].

Character Set: Our annotation process identifies a vo-
cabulary of 68 unique characters (Unicode code points), en-
compassing the 32 Persian letters (each letter represented by
a single code point irrespective of its positional form), Persian
digits (e—9), punctuation marks, and special symbols such as
the half-space character (ZWNJ, Unicode U+200C). With the
CTC blank token, the total number of output classes is 69.

Baseline Model (CRNN): As a lower-bound baseline,
we implement the standard CRNN architecture proposed by
Shi et al. [29] for sequence recognition. Our implementation
follows the original design with a VGG16-inspired CNN back-
bone, a 2-layer bidirectional LSTM with 256 hidden units, and
CTC decoding. To accommodate the longer sequence lengths
of Persian handwritten lines (average ~80 characters per
line, significantly longer than the short words in the original
paper), we increase the input width from 512 to 1024 pixels
to ensure sufficient sequence length for CTC alignment. All
training configurations, including data augmentation (ran-
dom rotation +5°, scaling 90-110%, and elastic distortions)
and optimizer settings (AdamW, initial LR 1073), are kept as
similar as possible to HTR-VT to ensure a fair comparison.
The model is trained for 200 epochs with early stopping based
on validation CER.

Primary Model (HTR-VT): We employ HTR-VT, a
Vision Transformer tailored for handwritten text recognition
that achieves competitive results without requiring large-
scale pre-training, an ideal characteristic for moderate-sized
datasets like MPHD. The model adopts a patch-based tok-
enization scheme with a Transformer encoder and employs
CTC for sequence alignment. Training is performed using the
AdamW optimizer with an initial learning rate of 4 x 1074, a
batch size of 32, and the same on-the-fly data augmentation as
CRNN. The model is trained for 40,000 iterations with early
stopping based on validation loss.

Evaluation Metrics: We report Character Error Rate
(CER) and Word Error Rate (WER), both computed using
the Levenshtein distance. All metrics are reported as percent-
ages, with lower values indicating superior performance.

Statistical Significance Testing: Statistical signifi-
cance of CER differences was assessed via a non-parametric
bootstrap procedure. For each comparison, we performed
20,000 resampling iterations at the line level, computing the
micro-averaged CER (i.e., the ratio of total edit distance to
total reference length) on each resample. For comparisons
involving the same set of lines evaluated by two different
models (e.g., CRNN vs. HTR-VT), we used a paired boot-
strap, resampling line indices jointly for both models to
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preserve their correlation. For comparisons across disjoint
subsets (e.g., Text 1 vs. Text 2), an unpaired bootstrap was
used, resampling each subset independently. Two-sided p-
values were estimated as 2min(Pr[A* < 0],Pr[A* > 0])
over the bootstrap distribution of the difference A*, and 95%
confidence intervals were obtained via the percentile method.
All results use a fixed random seed of 42 for reproducibility.

4.1.2 Results and Discussion

Overall Performance: Table H summarizes the performance
on the held-out test set. The CRNN baseline achieves a CER,
of 37.65% and a WER of 57.90%, reflecting the inherent diffi-
culty of Persian handwriting recognition. The HTR-VT model
substantially outperforms the baseline, achieving a CER of
10.78% and a WER, of 31.21%. This significant improvement
underscores the effectiveness of the Vision Transformer ar-
chitecture in capturing long-range contextual dependencies
in cursive scripts, where character shapes are highly context-
dependent and diacritical dots are visually subtle.

Performance on Fixed versus Variable Text: To
quantify the generalization capability of the models, we sep-
arately evaluate on Text 1 (fixed reference text containing
repeated vocabulary) and Text 2 (variable thematic text con-
taining unseen word compositions). As shown in Table [], both
models perform substantially better on Text 1 than on Text 2.
For CRNN, the CER on Text 1 is 11.49%, while on Text 2
it rises sharply to 69.80%. Moreover, the WER on Text 2
reaches 100.9%, meaning the total number of word-level edit
operations (substitutions, deletions, and insertions) exceeds
the total word count of the reference text, a consequence of
a substantial number of insertion errors compounding the
substitution and deletion errors, rather than indicating that
every reference word was necessarily misrecognized. HTR-
VT exhibits a similar but less severe pattern: 2.17% CER on
Text 1 versus 21.34% on Text 2.

The performance gap between fixed and variable text is
statistically significant for both architectures. For HTR-VT,
the CER increases from 2.17% on Text 1 to 21.34% on Text
2 (ACER = 19.17 percentage points, 95% confidence interval
(CI) [18.05, 20.31], p < 0.001). An even larger gap is observed
for the CRNN baseline (11.49% vs. 69.80%, ACER = 58.31
percentage points, 95% CI [56.89, 59.66], p < 0.001). These
results confirm that the dual-text design of MPHD constitutes
a rigorous stress test for generalization in cursive Persian
HTR.

HTR-VT significantly outperforms the CRNN baseline on
both subsets. On the fixed text (Text 1), the absolute CER
reduction is 9.32 percentage points (95% CI [8.20, 10.50], p <
0.001). On the more challenging variable text (Text 2), the
improvement reaches 48.46 percentage points (95% CI [47.45,
49.42], p < 0.001).

Training Dynamics and Convergence: Figure H
presents the training and validation dynamics for both eval-
uated architectures. For HTR-VT (Fig. gl), the validation
CER decreases rapidly during the first 10,000 iterations,
stabilizes around 0.20 by iteration 15,000, and reaches its
minimum of 0.0990 at approximately 31,200 iterations. The
close alignment between training and validation curves until
iteration 40,000 indicates effective regularization; the gradual
divergence thereafter suggests the onset of mild overfitting,
consistent with the error analysis presented below.
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(a) Training dynamics of CRNN on MPHD.
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(b) Training dynamics of HTR-VT on MPHD.

Fig. 4: Training and validation curves for (a) CRNN and (b) HTR-VT on MPHD. Both architectures converge to stable
minima; however, the Transformer-based HTR-VT achieves a lower validation CER (0.1035) compared to the CRNN (0.4093),
highlighting the superior capacity of attention-based models for capturing long-range dependencies in cursive Persian text.

For CRNN (Fig. @), the model begins to converge after
approximately 100 epochs, with the CER stabilizing around
0.38; the best validation CER of 0.3783 is achieved at epoch
155, with a stable gap between training and validation losses
(~0.85 versus ~1.80) indicating that the model has reached
its capacity limit rather than suffering from severe overfitting.
The convergence behavior further confirms that MPHD pro-
vides sufficient training signal for both architectures, while the
performance gap highlights the superiority of Transformer-
based approaches for this challenging task.

Error Analysis: To systematically dissect the failure
modes of the HTR-VT model and to isolate the source of
generalization error, we perform a fine-grained character-level
substitution analysis using Needleman-Wunsch [@] align-
ment. Critically, we decompose the test set into its two
constituent components: Test-T1 (fixed text, comprising re-
peated vocabulary observed during training) and Test-T2
(variable thematic text, consisting entirely of unseen word
compositions). This decomposition reveals a stark and highly
instructive disparity in model behavior.

As illustrated in the confusion matrices (Fig. E), the
model achieves remarkably clean predictions on Test-T1,
accumulating only 212 total substitutions across 403 lines
(approximately 0.52 errors per line). The errors in this subset
are sparse and predominantly shallow in nature, such as
occasional space insertions or deletions, indicating that the
model has successfully memorized the training vocabulary.
In stark contrast, when evaluated on Test-T2, the model’s
performance degrades catastrophically, yielding 2,772 substi-
tutions across 336 lines (approximately 8.25 errors per line), a
more than 15-fold increase in error rate relative to the fixed-
text subset. This profound degradation is not an artifact of
random noise, but rather a systematic failure to generalize
to novel lexical compositions, as further corroborated by the
combined Test set (739 lines, 2,984 substitutions) and the
Validation set (767 lines, 2,768 substitutions), both of which
exhibit a nearly identical error distribution dominated by
visually ambiguous Persian letter groups.

The confusion matrices for Test-T2 and the combined
Test set reveal three dominant and persistent error categories,
which directly validate the intrinsic challenges qualitatively
discussed in Section 1 and Table P:

(i) Diacritical Dot Confusions: Pairs such as (2 <> 2) in
initial /medial positions, (S «» 3), and (; — ;) consistently
rank among the top errors. These substitutions underscore
the model’s inability to reliably discriminate characters whose

Persian Characters Confusion Matrix (Top-10)
HTR-VT Model Analysis on Validation data

N AN N S

Persian Characters Confusion Matrix (Top-10)
HTR-VT Model Analysis on Test data

Persian Characters Confusion Matrix (Top-10)
HTR-VT Model Analysis on Test-T1 (Fix) data

(b) Validation set.

Persian Characters Confusion Matrix (Top-10)
HTR-VT Model Analysis on Test-T2 (Variable) data

Ground Truth

(d) Test-T2: variable text.

Ground Truth

(c) Test-T1: fixed text.

Fig. 5: Character-level confusion matrices of HTR-VT on
(a) Test, (b) Val, (c) Test-T1 (fixed/seen vocabulary), and
(d) Test-T2 (variable/unseen vocabulary). The decomposition
reveals a striking disparity: Test-T1 yields only 212 substitu-
tions (0.5/line) versus 2,772 (8.3/line) on Test-T2 confirming
overfitting to seen vocabulary and validating Persian ambigu-
ities (Table E) This gap reinforces MPHD’s dual-text design
as a rigorous benchmark for generalization in cursive HTR.

base shapes are identical in their contextual forms and whose
differentiation hinges solely on the presence, number, and
spatial placement of diacritical dots, a challenge that is
particularly acute in Persian cursive handwriting, where the
same dental shape represents up to four different phonemes
depending solely on dot configuration.

(i) Orthographic Boundary Errors: The substitution of a
standard space with the ZWNJ emerges as the single most
frequent error, occurring 94 times (3.4% of all Test-T2 substi-
tutions) on Test-T2 alone, for example, predicting a full space
where the ground truth requires a ZWNJ (e.g., "5g0" —
"5¢i (0”). This pattern confirms that the model struggles
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TABLE 8: Line segmentation performance comparison across evaluation protocols. Protocol 1 evaluates the baseline (EasyOCR
+ vertical grouping) on the entire dataset of 500 writers (1,000 text images) to assess the upper-bound performance of off-the-
shelf tools. Protocol 2 evaluates the same baseline on the official held-out test set (writers 426-500, 15% of data, 150 images)
to provide a reproducible benchmark for future supervised methods. All metrics are averaged across the respective test images.

Protocol mlIoU(all) mlIoU(m) F1@0.50 F1@0.75 LCA (%) RelCntErr MeanSSIM
Protocol 1 (All 500 Writers) 0.4393 0.6724 0.6757 0.3813 18.20 0.5376 0.9103
Protocol 2 (Test Set, 15%) 0.4171 0.6455 0.6694 0.2968 20.67 0.5510 0.9056

to capture Persian’s context-dependent orthographic spacing
conventions, a subtle visual cue that is highly variable across
writers and writing styles, and is rarely present in Latin-script
benchmarks.

(iii) Stroke Curvature and Structural Confusions: High-
frequency confusions between structurally similar letters that
share no diacritical marks, such as (5> <+ ) and (o < p)
and (6 — >), dominate the error list. These errors indicate
that the model is particularly vulnerable to variations in
stroke curvature, loop shapes, and overall body geometry, a
challenge that fundamentally distinguishes cursive non-Latin
scripts from their Latin counterparts, where such fine-grained
structural distinctions are often less critical.

Critically, the near-perfect performance on Test-T1 (which
contains vocabulary present in the training set) confirms
that the Transformer architecture is, in principle, capable of
achieving high recognition accuracy on Persian script when
provided with familiar lexical patterns. However, the catas-
trophic failure on Test-T2 irrefutably demonstrates that this
capability does not stem from a robust, generalizable un-
derstanding of the script’s underlying structure. Instead, the
model heavily overfits to training-specific vocabulary, failing
to generalize fine-grained diacritic placement and structural
stroke rules to unseen character compositions, a phenomenon
that is substantially more pronounced than comparable eval-
uations on Latin benchmarks such as TAM [4].

These findings carry profound implications for the future
of HTR research. They empirically establish that Persian
cursive script presents a fundamental bottleneck for current
Vision Transformer architectures, specifically, a lack of in-
ductive bias for discriminating sub-pixel dot placements and
subtle stroke variations in the absence of lexical context. We
posit that addressing this challenge will require specialized
architectural innovations, including but not limited to: (i)
explicit dot-attention modules that localize and reason about
diacritical marks independently of the base character; (ii)
higher-resolution patch embeddings or multi-scale feature
extractors that preserve fine-grained stroke details; and (iii)
the integration of linguistic priors (e.g., Persian BERT-based
language models for post-processing rescoring). The MPHD
dataset, with its adversarial dual-text design (fixed vs. vari-
able), provides a uniquely rigorous stress test for developing,
evaluating, and validating such future solutions, thereby es-
tablishing itself as a cornerstone benchmark for advancing
research on cursive script understanding.

4.2 Line Segmentation

To evaluate the practical utility of the MPHD dataset for doc-
ument preprocessing tasks, we conducted a line segmentation
benchmark. This task is a fundamental prerequisite for many
handwriting recognition pipelines, as it involves partitioning a

text image into individual text lines, enabling subsequent line-
level HTR and layout analysis. Unlike existing datasets that
often provide line-level crops directly, MPHD provides only
full-form and cropped text-region images, requiring segmenta-
tion algorithms to infer line boundaries from raw images. This
design makes MPHD a challenging benchmark for evaluat-
ing line segmentation methods under realistic, unconstrained
conditions.

4.2.1 Experimental Setup and Protocols

We establish two evaluation protocols to accommodate differ-
ent types of line segmentation methods and to maximize the
utility of the MPHD dataset for future research. Protocol 1
targets unsupervised or pre-trained models such as classical
image processing techniques or off-the-shelf OCR engines like
EasyOCR [32] and reports results on the entire dataset of
500 writers (1,000 text images) to assess the upper-bound
performance of general-purpose tools under ideal conditions.
Protocol 2, intended for supervised deep learning methods
(e.g., fully-convolutional networks or Transformers), follows
the official dataset split of 70% training, 15% validation, and
15% test, strictly separated at the writer level to prevent data
leakage; the test set comprises writers 426-500 (75 writers, 150
images) and serves as the primary benchmark for comparing
newly developed segmentation algorithms.

Our baseline method, which employs EasyOCR [32] for
word detection coupled with a vertical grouping strategy
based on the y-coordinates of word bounding boxes, does
not require any training on MPHD. We therefore report its
performance under both protocols, Protocol 1 to evaluate gen-
eralizability and Protocol 2 to provide a reproducible baseline
for future comparisons. For Protocol 2, all hyperparameters
were kept identical to those used in Protocol 1 and were
not adapted to the test set, ensuring a fair and unbiased
evaluation.

To obtain ground-truth line locations for quantitative eval-
uation, we employed a feature-based matching approach using
SIFT [33]. Since MPHD provides line-level ground truth as
cropped image patches rather than bounding box coordinates,
SIFT keypoints were extracted from both each cropped patch
and the corresponding full text-region image; homography
estimation was then used to recover the precise bounding
box of each ground-truth line within the original image. This
procedure yielded a complete set of ground-truth bounding
boxes for every text image, enabling the computation of all
reported metrics.

4.2.2 Evaluation Metrics

Following standard practice in document analysis [34], [B5],
we report a comprehensive set of evaluation metrics. The
mean Intersection over Union computed over all predicted and



PREPRINT, VOL. XX, NO. X, AUGUST 2026

gl dedeiloslogle, 1) e Swuigien L STt plz el ML |
] Do Ll EAGT A L e Vé'c‘ﬁ:(;*’l
sl ) R 2 | E R R T B e e Rt 2
::5 2y ST eallZb oz doric e o V0oV Tz e T S I ) /ﬂ/’/"/_df"’"
WA (oA : Logghn- er J‘~”""’|

z e
ey e
(= e

(a) High—quality segmentation: 465-T1 (mlIoU = 0.816).
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(c) Challenging case: 447-T2 (mIoU = 0.167). The baseline over-
segments due to tightly spaced lines.
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(b) High-quality segmentation: 484-T1 (mloU = 0.839).
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(d) Challenging case: 499-T2 (mloU = 0.110). Severe over-

segmentation caused by slanted handwriting.

Fig. 6: Qualitative line segmentation on the MPHD test. Each image shows the predicted line bounding boxes overlaid on the
original region. (a)—(b) present successful cases where the baseline accurately separates lines with high IoU. (c)—(d) illustrate
failure cases where the method over-segments due to large inter-word spacing or slanted writing, show challenges of the dataset.

ground-truth line pairs, where unmatched lines contribute a
value of zero, is denoted as mloU(all), which penalizes both
missed and extra lines. The matched mean IoU, mloU(m),
is computed exclusively over optimally matched pairs using
a greedy one-to-one assignment, reflecting localization quality
when line counts are accurate. We also report F1-scores at IoU
thresholds of 0.50 and 0.75 (F1@0.50 and F1@0.75), treating
a detection as a true positive only if its IoU with the matched
ground-truth exceeds the respective threshold. Line Count
Accuracy (LCA) is defined as the percentage of images where
the number of predicted lines exactly matches the ground-
truth line count, while the relative count error (RelCntErr)
measures the average absolute deviation in line counts nor-
malized by the ground-truth count. Finally, we compute the
mean Structural Similarity Index Measure (MeanSSIM) [36]
between binary masks of the predicted and ground-truth line
regions to assess the structural fidelity of the segmentation
output.

4.2.3 Results and Discussion

Table E summarizes the line segmentation performance on the
MPHD dataset. Under Protocol 2 (the official test set), the
baseline achieves an mloU(all) of 0.4171 and an mloU(m)
of 0.6455. The notable gap of approximately 0.23 between
these two values indicates that while the algorithm effectively
localizes the bounding boxes of the lines it does detect, it
frequently fails to estimate the correct number of lines in
a document. This is further corroborated by the relatively
low LCA of 20.67% and the RelCntErr of 0.5510, confirming
that the primary challenge for segmentation on this dataset
is not the spatial placement of detected lines, but rather the
accurate separation of merged lines or the correct splitting of
fragmented ones.

The F1@0.50 score of 0.6694 demonstrates that a majority
of line detections align reasonably well with the ground-truth
at a lenient threshold. However, the sharp decline to 0.2968 at
F1@0.75 reveals that the boundaries of the predicted bound-

ing boxes are often imprecise, typically exhibiting deviations
of a few pixels in height or horizontal margins, a limitation
inherent to using a general-purpose OCR engine optimized
primarily for text transcription rather than precise geometric
segmentation. Interestingly, despite the moderate IoU and
F1 values, the MeanSSIM reaches 0.9056, indicating that the
overall shape and structure of the segmented text regions are
well preserved, even if exact pixel-perfect boundaries differ
slightly from the ground-truth. This confirms that the baseline
method captures the global document layout effectively.

Comparing the two protocols, Protocol 1 (all 500 writers)
yields consistently higher performance across most metrics:
mloU(all) of 0.4393, mIoU(m) of 0.6724, and F1@0.50 of
0.6757. These improvements reflect the inclusion of more
diverse and, in some cases, less challenging samples in the
full dataset. Notably, F1@0.75 rises to 0.3813 under Protocol
1, a relative improvement of nearly 29% over Protocol 2. This
substantial gap confirms that the test set is enriched with
challenging samples, a deliberate design choice that enhances
the benchmark’s rigor for future evaluations. Conversely,
LCA, where higher values indicate better performance, is
slightly higher on the test set (20.67% vs. 18.20% for all
writers), indicating that line counting errors are not uniformly
distributed and may be more pronounced in the broader
dataset. Fig. f shows qualitative segmentation results. The
baseline performs more reliably on_denser text lines with
relatively consistent spacing (Figs. pa-£H), while it tends to
over-segment when inter-word gaps are larger or the writing
exhibits greater slant and stylistic variation (Figs. ).
This visual evidence aligns closely with the quantitative met-
rics reported in Table

To further analyze the segmentation quality across proto-
cols, we compare the distribution of IoU values for Protocol
1 and Protocol 2 in Fig. H Both distributions exhibit a pro-
nounced peak in the high-ToU region (0.75-0.95), confirming
that the baseline method accurately localizes the majority
of lines regardless of the evaluation set. However, a notable
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Fig. 7: Distribution of line-level IoU for (a) Protocol 1 (all
500 writers) and (b) Protocol 2 (official 15% test set), shown
as histograms with overlaid Kernel Density Estimation (KDE)
curves; dashed /dash-dotted lines mark the mean/median IoU,
and the shaded region (IoU > 0.75) denotes high-precision
segmentations. Both protocols show a pronounced peak in the
high-ToU region (0.75-0.95), indicating robust localization,
but Protocol 2 exhibits a heavier left tail (IoU < 0.50),
reflecting a greater share of edge cases, tightly spaced, slanted,
or overlapping lines, in the held-out test set, per Table §.

difference emerges in the lower tail: Protocol 2 displays a
considerably heavier left tail with IoU values below 0.50
compared to Protocol 1. This indicates that the official held-
out test set contains a disproportionately larger number of
difficult samples such as tightly spaced lines, overlapping
ascenders and descenders, or significant writing slant. This
observation is consistent with the quantitative results in Ta-
ble §, where Protocol 1 consistently outperforms Protocol 2
across all metrics (e.g., mIoU(all) of 0.4393 vs. 0.4171), while
Protocol 2 provides a more rigorous evaluation scenario that
better reflects real-world variability. The comparative analysis
reinforces that the primary challenge in line segmentation on
MPHD is not the spatial localization of detected lines, but
rather the precise separation of adjacent lines, a difficulty
that is deliberately amplified in the test set to ensure a robust
benchmark for future research.

These results establish a strong, reproducible baseline for
line segmentation on MPHD. The relatively low LCA and
mloU(all) across both protocols indicate that the dataset
presents a significant challenge for segmentation algorithms,
primarily due to the variability in line spacing, the prevalence
of slanted handwriting, and occasional overlapping strokes
typical of Persian cursive script. Future work may explore
more advanced techniques, such as fully-convolutional net-
works for pixel-wise line mask prediction or Transformer-
based layout analysis models, which could address the over-
segmentation errors observed in tightly spaced and slanted
lines. The MPHD test set, with its deliberate enrichment of
such challenging cases, provides a rigorous benchmark for
evaluating these future approaches. In line with this direction,
our recent work on heatmap-guided character localization
in degraded historical documents [37] suggests that adopt-
ing a UNet-style architecture could effectively address the
over-segmentation issues observed in challenging cases (e.g.,
slanted or tightly spaced lines), offering a promising upgrade
path for MPHD benchmarks. By providing this comprehen-
sive evaluation, we demonstrate that MPHD not only serves
as a valuable resource for HTR and writer identification but
also functions as a rigorous benchmark for advancing the state
of the art in document layout analysis and line segmentation.
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TABLE 9: Closed-set writer identification results on the
MPHD test set. Document-level aggregation (softmax prob-
ability averaging) significantly improves performance over
patch-level predictions.

Level Top-1 (%) Top-3 (%) Top-5 (%)
Patch-level (128) 57.19 74.09 80.59
Document-level 95.19 98.20 99.00

4.3 Writer ldentification

We conducted writer identification experiments in both
closed-set and open-set settings to evaluate MPHD’s ability
to capture distinctive handwriting styles, relevant to applica-
tions such as forensic document analysis and authentication
systems. All experiments follow an offline, text-independent
protocol, where the fixed text (Text 1) images are used for
training and validation, while the variable text (Text 2)
images are reserved exclusively for testing to ensure text-
independence.

4.3.1 Closed-Set Writer Identification

We followed a standard patch-based writer identification
protocol. For each document, overlapping patches of size
128 x 128 pixels were extracted with a stride of 64 pixels.
Patches with less than 5% ink pixels were discarded to focus
on informative regions. The dataset was split at the writer
level into training (80%) and validation (20%) sets, resulting
in 29,163 training patches and 7,533 validation patches across
all 500 writers. The test set consisted of 29,354 patches
extracted from the 500 Text 2 images.

We used a ResNet-18 backbone pre-trained on ImageNet
as the feature extractor, replacing the final classification layer
with a 500-way softmax. The model was trained using cross-
entropy loss with an AdamW optimizer (learning rate 1074,
weight decay 10~%) for up to 50 epochs. A learning rate sched-
uler (ReduceLROnPlateau) and early stopping (patience of
10 epochs) were employed to prevent overfitting. At test
time, predictions were aggregated at the document level using
softmax probability averaging.

Results and Discussion: Table E summarizes the closed-
set performance on the test set. The patch-level Top-1 ac-
curacy was 57.19%, which is expected given that individual
patches contain limited contextual information. However,
when aggregated at the document level, the accuracy im-
proved significantly to 95.19% for Top-1, 98.20% for Top-3,
and 99.00% for Top-5, indicating that the correct writer is
almost always ranked among the top five candidates.

The substantial gap between patch-level and document-
level accuracy confirms that handwriting style is a global
property of a document, requiring aggregation of local features
to achieve reliable identification. The near-perfect Top-5 ac-
curacy demonstrates that the MPHD dataset captures writer-
specific characteristics effectively, even in a text-independent
scenario where the content of the training and test texts dif-
fers. While we adopt a standard ResNet-18 backbone for this
baseline, our prior investigation into CapsNet-ResNet fusion
for behavioral biometrics [40] indicates that incorporating
capsule-based feature aggregation could further improve the
document-level Top-1 accuracy, which we reserve for future
extension.
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Fig. 8: Training and validation curves for the writer identifica-
tion benchmark. The left panel presents the cross-entropy loss,
and the right panel shows the accuracy over 50 epochs. The
best validation loss (0.1434) was achieved at epoch 49, and
the highest validation accuracy (96.12%) at epoch 47. The
convergence of the training and validation curves indicates
that the model generalizes well without overfitting.

The learning dynamics of the writer identification bench-
mark are illustrated in Fig. §. The training loss decreases
rapidly during the first 10 epochs, from 5.15 to 0.09, while
the validation loss follows a similar trend, dropping from 3.72
to 0.33 over the same period. After epoch 20, the model
continues to improve gradually, reaching its lowest validation
loss of 0.1434 at epoch 49 and its highest validation accuracy
of 96.12% at epoch 47. The close alignment between the
training and validation curves throughout the training process
indicates that the model does not suffer from significant
overfitting, despite the large number of parameters in the
ResNet-18 backbone. This stable convergence confirms the
robustness of the training protocol and the discriminative
power of the MPHD dataset for writer identification tasks.

4.3.2 Open-Set Writer Identification

To evaluate the dataset under more realistic and challenging
conditions, we conducted an open-set writer identification
experiment using a 5-fold rotation protocol. The 500 writers
were randomly partitioned into 5 disjoint folds of 100 writers
each. In each of the 5 rounds, a classifier was trained from
scratch on the Text 1 (fixed-text) documents of the remaining
400 writers only (known identities); the 100 writers assigned
to that round’s fold were never seen during training and served
as unknown impostors. Unlike a closed-set classifier evaluated
post hoc, the model therefore has no parametric knowledge of
the unknown writers whatsoever.

For each round, the acceptance threshold for a target False
Alarm Rate (FAR) was calibrated using the Text 1 docu-
ments of that round’s 100 unknown writers, by computing
the maximum averaged softmax probability per document
and setting the threshold at the corresponding percentile
of this calibration distribution. Critically, this calibration
set is disjoint from the test set used to report results: the
Detection & Identification Rate (DIR) was computed on the
Text 2 (variable-text) documents of the 400 known writers (a
document is counted as a hit if it is accepted above threshold
and correctly identified), while the actual FAR was computed
on the Text 2 documents of that round’s 100 unknown writers
(accepted above threshold despite being an impostor). Results
across all 5 rounds were pooled by summing counts, rather
than averaging percentages, before computing the final DIR
and FAR, so that every one of the 500 writers is evaluated
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TABLE 10: Open-set writer identification results on the
MPHD dataset under 5-fold rotation. For each target FAR,
the threshold is calibrated per fold on that fold’s unknown
writers’ Text 1 documents; the pooled DIR and actual FAR
are reported on the corresponding Text 2 documents, aggre-
gated by summed counts across 5 folds (Nnown = 1,996,
Nunknown = 499)

Target(%) Actual DIR (%) Threshold
FAR (%) FAR(%) (range across folds)
1 0.60 29.51 0.4385 — 0.8346
5 4.41 61.22 0.3168 — 0.4998
10 7.41 72.80 0.2852 - 0.3749

exactly once as an unknown impostor while every round
retains a full 400-writer known training set. A small number
of documents (4 known, 1 unknown) yielded no valid ink-
containing patches under the extraction criteria and were
excluded, leaving Nyinown = 1,996 and Nupknown = 499
document instances pooled across the 5 folds.

Results and Discussion: Table [L( presents the pooled
open-set results across the 5 folds. At the target FAR of 1%,
the pooled DIR reached 29.51%, with an actual (measured)
FAR of 0.60%. At FAR=5%, DIR reached 61.22% (actual FAR
4.41%), and at FAR=10%, DIR reached 72.80% (actual FAR
7.41%), with the actual FAR consistently below the target at
every level reflecting the coarse resolution of calibrating each
fold’s threshold from only 100 unknown-writer documents.
Compared to the closed-set document-level Top-1 accuracy
(95.19%, Table a), the open-set DIR at a strict 1% target FAR
is dramatically lower, underscoring that reliably rejecting pre-
viously unseen writers while still correctly identifying known
ones is a substantially harder problem than distinguishing
among a fixed, previously observed set of identities. Because
the model in this protocol is trained exclusively on the 400
known writers of each fold and the threshold is calibrated on
a disjoint set of unknown-writer documents, this gap reflects
a genuine open-set generalization limitation rather than an
artifact of threshold selection on the test set or of the classifier
having implicitly seen the unknown writers during training.

We further observe substantial variability across the 5
folds, particularly at the strict 1% target, where per-fold DIR
ranges from 8.50% to 55.64% and the calibrated threshold
ranges from 0.4385 to 0.8346 (Table [LJ). This variability
arises because each fold’s threshold is calibrated from only
100 unknown-writer documents, making percentile estimation
at an extreme tail (the 99th percentile) inherently sensitive
to sampling noise; the pooled DIR should therefore be in-
terpreted with this fold-to-fold spread in mind. This makes
MPHD a valuable and appropriately challenging benchmark
for future research in open-set writer identification, e.g., via
distance-based methods, OpenMax, or generative approaches
to unknown-class rejection that may offer more stable calibra-
tion behavior than simple softmax thresholding.

4.4 Character and Digit Recognition

We conducted character (62 classes) and digit (10 classes)
recognition experiments using the isolated character samples
described in Section 3.5, evaluating MPHD’s suitability for
the fundamental visual recognition problems that underpin
more complex handwriting analysis systems.
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TABLE 11: Character (62 classes) and digit (10 classes)
recognition results (%, macro-averaged) on MPHD test set.

Task Model Acc. Prec. Rec. F1
Character ResNet-18 96.34 96.45 96.34 96.35
DenseNet-121  96.47  96.55  96.47 96.48
Dicit ResNet-18 99.07  99.09 99.07 99.07
g DenseNet-121  99.20  99.20  99.20 99.20

4.4.1 Experimental Setup

For both tasks, the dataset was split into training (70%),
validation (15%), and test (15%) sets at the writer level to
prevent data leakage. For character recognition, this resulted
in 21,700 training images, 4,650 validation images, and 4,650
test images. For digit recognition, the corresponding splits
yielded 3,500 training, 750 validation, and 750 test images.

To compensate for the limited number of samples per class,
we applied on-the-fly geometric augmentation to the training
sets in both tasks, including random rotation (£7°), transla-
tion (£6%), and scaling (92%—-108%). Additionally, each base
image was virtually repeated three times per epoch using a
dataset multiplier, increasing the effective number of training
samples seen per epoch to approximately 65,100 samples per
epoch for character recognition and 10,500 samples per epoch
for digit recognition.

We evaluated two standard CNN architectures: ResNet-
18 and DenseNet-121. Both models were initialized with
ImageNet-pretrained weights, with the first convolutional
layer adapted to accept single-channel grayscale input (mean
and standard deviation normalized to 0.5 and 0.5). Training
was performed using the Adam optimizer with an initial
learning rate of 1073, weight decay of 10™%, and a batch size
of 64. A learning rate scheduler was applied to reduce the
learning rate when the validation loss plateaued, and early
stopping with a patience of 10 epochs was used to prevent
overfitting. The models were trained for a maximum of 50
epochs, with the same hyperparameters used across both tasks
to ensure fair comparison.

4.4.2 Results and Discussion

Table @ summarizes the performance of both models on
the character and digit recognition test sets. For character
recognition, both ResNet-18 and DenseNet-121 achieved high
accuracy, with DenseNet-121 slightly outperforming ResNet-
18 (96.47% vs. 96.34%). Macro-averaged precision, recall, and
Fl-scores closely matched the overall accuracy, indicating
uniform performance across all 62 classes without bias toward
particular character shapes. The marginally better perfor-
mance of DenseNet-121 can be attributed to its dense con-
nectivity, which facilitates gradient flow and encourages fea-
ture reuse, a property particularly beneficial for fine-grained
classification tasks with limited data per class.

For digit recognition, both architectures achieved near-
perfect accuracy, with ResNet-18 reaching 99.07% and
DenseNet-121 reaching 99.20%. Similarly, the macro-averaged
precision, recall, and F1-scores closely match the overall ac-
curacy, indicating balanced performance across all 10 digit
classes. Unlike character recognition, where visual similarity
between letters introduces inherent ambiguity, Persian digits
are generally more discriminative, resulting in a simpler clas-
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(a) DenseNet-121 on the test and validation sets.
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(b) ResNet-18 on the test and validation sets.

Fig. 9: Normalized confusion matrices for the 62-class isolated
character recognition task; strongest residual confusions occur
within diacritic-differentiated and isolated /contextual letters.

sification task. This aligns with other digit benchmarks such
as MNIST and Hoda, which report similarly high accuracies
using standard CNN architectures.

Both models converged well within 50 epochs, with early
stopping triggered sooner for digit recognition (19-28 epochs)
than for character recognition (24-33 epochs), reflecting the
relative simplicity of the digit task. The high performance on
both tasks, combined with the earlier results, demonstrates
that MPHD is a well-annotated and versatile dataset suitable
for a wide range of handwriting analysis tasks, from digit
recognition [B9], [B8] and fine-grained character-level recog-
nition to holistic document analysis. The near-perfect digit
accuracy, while not a challenging benchmark for modern deep
learning models, serves as a valuable sanity check and provides
a solid baseline for future research on Persian digit recogni-
tion, while the character recognition results establish a more
demanding benchmark that reflects the inherent complexity
of Persian script.

Despite the high overall accuracies achieved by both
DenseNet-121 and ResNet-18, a fine-grained inspection of the
normalized confusion matrices for both architectures (Fig. )
reveals that residual errors are far from random. The domi-
nant substitutions consistently occur within the well-known
visually ambiguous Persian letter groups that differ solely
by the number or placement of diacritical dots (e.g., W<+,
z¢e, wew) as well as between isolated and contextual
forms of the same letter (e.g., S, S«5). Additional
recurrent confusions such as w¢>> and 8435 further indi-
cate sensitivity to subtle stroke curvature and loop geometry.
These patterns, observed on both the test and validation
sets and across both architectures, quantitatively corroborate
the intrinsic visual challenges of Persian script that were
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qualitatively illustrated in Table E Importantly, the fact that
such confusions persist even under the idealized conditions of
cleanly segmented, isolated characters underscores that the
difficulty is not merely an artifact of cursive connectivity
or line-level context, but is rooted in the fine-grained visual
similarity of the glyphs themselves. This finding strengthens
the motivation for specialized architectural components (e.g.,
explicit diacritic attention) in future Persian HTR systems.

4.5 Discussion and Analysis

Comparison Across Tasks: The four benchmarks estab-
lished on MPHD reveal a clear hierarchy of task difficulty, re-
flecting differing levels of granularity and context. Character
and digit recognition, operating on cleanly segmented isolated
glyphs, achieve near-perfect accuracy, indicating high-quality,
well-separated samples suitable for fine-grained recognition.
Writer identification, leveraging global style cues across full
documents, also achieves strong performance (95.19% Top-
1 accuracy), confirming that MPHD captures writer-specific
characteristics effectively. In contrast, handwriting text recog-
nition (HTR) and line segmentation, which require holistic
understanding of cursive structure and layout, present sub-
stantially greater challenges. HTR-VT achieves only 10.78%
CER on the combined test set, with performance on variable
text (21.34% CER) lagging far behind fixed text (2.17%
CER), a gap that highlights the model’s reliance on vocabu-
lary memorization rather than genuine script understanding.
Similarly, line segmentation achieves an mloU(all) of only
0.4171 on the test set, with line count accuracy as low as
20.67%, underscoring the difficulty of accurately separating
adjacent lines in Persian cursive handwriting. This hierarchy
of difficulty confirms that MPHD is not merely a collection of
isolated samples, but a multi-level benchmark that challenges
models at varying degrees of structural complexity.

Impact of Demographic Factors: The rich demo-
graphic metadata in MPHD, including age, gender, education
level, handedness, and spectacles usage, enables systematic
investigation into the relationship between writer character-
istics and handwriting style. While a comprehensive demo-
graphic analysis is beyond the scope of this paper, the bal-
anced distribution across these attributes (Table E) provides a
robust foundation for future studies on behavioral biometrics
and forensic document analysis. Several concrete directions
illustrate this potential: the isolated character samples could
serve as a controlled testbed for studying the effects of age
and education on glyph formation, while the paired fixed and
variable texts enable disentangling content-dependent from
content-independent stylistic features. The structured multi-
level design (full-form pages, cropped text regions, and line-
level annotations) further facilitates research on document
layout analysis and multi-modal learning, and the cleanly seg-
mented character images are well-suited for transfer learning
and few-shot recognition experiments benefiting low-resource
scripts. We released the full metadata to encourage the re-
search community to explore these directions.

Limitations: Despite its comprehensive design, MPHD
has several limitations that should be acknowledged. First,
the dataset is limited to 500 writers and covers only conven-
tional Persian handwriting styles, using their natural, legible
handwriting style. It does not fully include more calligraphic
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styles such as Nasta’liq or Shekasteh, which pose substantially
different challenges. Second, the age range is skewed toward
younger writers, which may limit generalization to older adult
populations. Third, line-level annotations follow the writers’
natural line breaks, including occasional mid-word breaks
that, while visually accurate, are linguistically unnatural.
Fourth, our open-set writer identification results (DIR of
29.51% at a 1% target FAR, pooled across a 5-fold rotation
protocol in which the model was trained exclusively on known
writers and the threshold calibrated on a disjoint set) reveal
substantial fold-to-fold variability (8.50%55.64% DIR at this
strict target) and confirm that simple softmax thresholding
is insufficient for robust, stable open-set recognition; more
sophisticated methods (e.g., OpenMax, distance-based clas-
sifiers) are needed to handle writers. Finally, while MPHD
provides demographic metadata, the sample size within each
demographic subgroup (e.g., left-handed writers: 45 individ-
uals) is too small for statistically powered subgroup analy-
ses. We encourage the research community to expand upon
MPHD with additional writers and writing styles to further
enrich this resource.

5 Conclusion

Persian, with its rich literary and historical legacy, represents
a significant domain for computational document analysis.
Despite its importance, research in Persian handwriting recog-
nition has remained constrained by the acute scarcity of
comprehensive, publicly accessible benchmark datasets that
adequately reflect the script’s inherent cursive complexity
and rich morphological diversity. To bridge this critical and
long-standing resource gap, we introduced MPHD, a multi-
purpose offline Persian handwriting dataset comprising 500
writers, 75,430 words, and 333,545 characters across 5,021
annotated text lines. Organized at three levels of annotation
(full-form, cropped text, and isolated characters) and enriched
with detailed demographic metadata, MPHD is, to the best of
our knowledge, the first publicly available dual-text design
Persian resource that simultaneously supports HTR, writer
identification, document classification, line segmentation, and
character recognition within a unified framework.

Extensive benchmarking across these tasks reveals a pro-
nounced hierarchy of difficulty. While isolated character/digit
recognition achieve near-perfect accuracy, writer identifica-
tion remains strong, line segmentation and especially hand-
writing text recognition remain far from solved. The most
striking finding is the large and statistically significant perfor-
mance gap between fixed and variable text (2.17% vs. 21.34%
CER for HTR-VT), demonstrating that current Vision Trans-
former models still rely heavily on lexical memorization rather
than robust, script-level visual understanding. This dual-text
design therefore constitutes a particularly rigorous stress test
for generalization in cursive, right-to-left scripts.

By releasing MPHD with complete annotations, metadata,
and evaluation protocols, we provide the community with a
challenging, reproducible, and publicly available benchmark.
We hope that MPHD will stimulate the development of archi-
tectures specifically equipped to handle fine-grained diacritic
discrimination, contextual shape variation, and long-range
dependencies characteristic of Persian handwriting, while also
enabling broader research at the intersection of computer
vision, digital humanities and behavioral biometrics.
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