A Dataset of Wolof Ajami Manuscripts for HTR and OCR
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Abstract

We present the first ever dataset of manually segmented and transcribed Ajami manuscripts written in Wolof. The
term Ajami refers to modified Arabic-script orthographies used to transcribe African languages. Handwritten text
recognition (HTR) and optical character recognition (OCR) models for Arabic-script languages perform poorly on
African languages written in Ajami orthographies because these languages are not represented in the pre-training
data of the models. This leads to recognition models being unable to extract unique Arabic-script letters and
ubiquitous diacritics used in African languages, and struggling to adapt to various calligraphy styles used across
Africa. We release the following as an open-source dataset: an ALTO formatting of high-quality images of handwritten
and printed, 20th—century Wolof manuscripts; manual segmentation (region and line); and manual transcriptions. We
extend our contribution by evaluating several Arabic-script recognition models intended for historical manuscripts and
find they produce character error rates (CER) of 61-81%. Transcriptions produced by the evaluated recognition
models, as well as a keyboard to transcribe Wolof Ajami manuscripts, are released as well. The digitally transcribed
text in the dataset can also be utilized for various natural language processing (NLP) and historical linguistic tasks.
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1. Introduction

Wolof (ISO 639-3: wol) is a low-resource language
spoken by about 18 million people in Senegal,
Gambia, and Mauritania. In recent years Wolof
has increasingly been included in various natural
language processing (NLP) works (Adelani et al.,
2022a,b; Dossou et al., 2022; Ogundepo et al.,
2023; Dione et al., 2023). Handwritten text recogni-
tion (HTR) and optical character recognition (OCR)
is a branch of computer vision and pattern recog-
nition that aims to automatically and accurately
extract text from images. The digitized text can
then be a valuable resource for various NLP tasks
(Boros et al., 2020; Ignat et al., 2022; Lopresti,
2008; Van Strien et al., 2020). Developing gold-
standard segmentation and transcription HTR/OCR
datasets is crucial to perform accurate recognition
for any language. Models trained for several NLP
and document analysis tasks perform poorly on
low-resource languages, including many African
languages (Adebara et al., 2025; Costa-Jussa et al.,
2022), partly due to the lack of high-quality training
data for specialized needs — including HTR/OCR
(Belay et al., 2020; Oni and Asahiah, 2020).

For these reasons, it is necessary to develop
HTR datasets for both modern and historical doc-
uments written in African languages. Recent
work has been conducted to curate historical
datasets for select East and West African-language
manuscripts (Belay et al., 2024; Yousuf et al., 2025).

Before European colonization, several West African
languages were written in Ajami (Ngom, 2016;
Ngom et al., 2023), modified Arabic-script orthogra-
phies, that differed from the “standard” Arabic al-
phabet by including some unique letters and di-
acritics. TashKil are Arabic-script diacritics used
for vocalization, lack of vocalization, or gemination.
They are ubiquitous in several African-language
manuscripts and necessary to read the text. In
contrast, tashkil are optionally written in the most
prominent Arabic-script languages in Asia (e.g.,
Arabic, Persian, Urdu). This is directly reflected
in the lack of diacritics in the pre-training data for
recognition models, which leads to high character
error rates (CER) for Ajami-text recognition (Yousuf
et al., 2025).

2. Dataset and Curation

We have curated 19 20th-century Wolof Ajami
manuscripts covering 4,743 lines and 313 pages
in total. The longest manuscript in the dataset is
1,151 lines (76 pages), while the shortest is 31 lines
(3 pages). The dataset has an average of 249.6
lines and 16.5 pages per manuscript. While histor-
ical West African manuscripts covered numerous
subjects (e.g., legal and scientific texts, history, lit-
erature, etc.) (Ngom, 2017), our dataset consists
of 9 prose manuscripts and 10 poetry manuscripts.
The provenance of all manuscripts is Touba, Sene-
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Manuscript Domain | Pages | Lines | Type
Cantug Murid .

(A Murid Expression of Gratitude) Poetry 17 255 | Handwritten
Diskuuru Sérin Abdul Ahad Mbakke 1: Tabaski 1972 Prose 3 31 | Printed
(Speech by Shaykh Abdul Ahad Mbakke 1: Tabaski 1972)

Diskuuru Sériin Abdul Ahad Mbakke 2: Korite 1971-1972 Prose 9 89 | Printed
(Speech by Shaykh Abdul Ahad Mbakke 2: Korite 1971-1972)

Manafiu I-Muslim .

(A Healing Manual for Muslims) Prose 19 270 | Printed
Marsiya Sérin Masamba Mbakke .
(Elegy for Sérin Masamba Mbakke) Poetry 14 299 | Handwritten
Nahju Qada’i I-Haji .

(Path to the Satisfaction of Needs) Poetry 17 241 | Printed
Qasidak Wolofalu Maam Jaaratul Laahi .

(A Wolof Poem Praising Maam Jaaratul Laahi) Poetry 25 272 | Printed
Sérin Fallu (Bakk wi) .
(Song of the Champion) Poetry 30 365 |Handwritten
Soxna Asta Waalo Mbakke -
(Biography of Lady Asta Waalo Mbakke) Prose 3 38 | Printed
Soxna Aysatu Mbakke-Kajoor .
(Biography of Lady Aysatu Mbakke-Kajoor) Prose 4 55 | Printed
Soxna Faati Ja Mbakke .
(Biography of Lady Faati Ja Mbakke) Prose | 3 | 50 Printed
Soxna Maam Jaaratul Laahi Buso Prose 5 81 |Printed
(Biography of Lady Maam Jaara Buso)

Ubbiteg Fooraas bi .

(Water Tower Inaugural Speech) Prose 10 111 | Printed
Wolofalu Jumaa ji .
(Poem of the Mosque of Touba) Poetry 19 541 | Handwritten
Wolofalu Maggal gu Njékk gi .
(Poem of the First Maggal) Poetry 7 105 |Handwritten
Xarbaaxi Yonnen bi )
(Miracles of the Prophet) Poetry 12 186 |Handwritten
Xareb Badar bu Njékk ba .
(The First Battle of Badr) Poetry 8 127 | Handwritten
Yeneen mbindum Serigne Mor Kayre .
(Other Writings of Serigne Mor Kayre) Poetry 76 1151 | Hanadwritten
Yoonu Murid .

(The Murid Way) Prose 32 478 | Printed

Table 1: Wolof Ajami manuscript dataset details.

gal. There are 8 handwritten manuscripts and 11
printed manuscripts, all in the Maghrebi calligra-
phy style. We have sourced our manuscripts from
Boston University’s Ajami collection, specifically
from the “The Four Languages” and “African Ajami
Library” repositories. The dataset is detailed in
Table 1.

We release our dataset (Yousuf et al., 2026) in
an ALTO format (Analyzed Layout and Text Object).
This ALTO formatted dataset contains and links the
high-quality manuscript images, the polygon coor-
dinates (i.e., bounding boxes) for the manual region
and line segmentation, line order, and manual tran-
scriptions.

We follow a strict annotation protocol to create

this Wolof Ajami dataset. We use eScriptorium
(Kiessling et al., 2019) for our experiments, which is
a framework to digitally transcribe and create recog-
nition tools for historical documents. The platform
can be used to catalog manuscripts, create man-
ual or automatic segmentation and transcription
data, and import and fine-tune recognition mod-
els. Each manuscript has first been transcribed
by a philologist with expertise in Wolof Ajami and
then independently reviewed for error correction
afterwards.

Creating digital transcriptions of historical materi-
als can often require specialized input methods, as
historical orthographies are sometimes not readily
available on modern computer keyboards. As the
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Model Trained on | Training Language(s) | Calligraphy/Typeface
Arabic,
. . Persian, Naskh,
MS Mellon Print Print Ottoman Turkish, Nasta’liq
Urdu
Arabic,
. . Persian, Naskh,
MS Pretrained Print Ottoman Turkish, Nasta’liq
Urdu
oo
Generalized Handwritten Ottoman Turkish, Nasta Ilq_
Maghrebi
Urud
. . . Naskh,
Mellon Ottoturk Print | Print Ottoman Turkish "
Nasta'liq
Mellon Print Print Arabic Naskh,
Tahoma
Arabic,
. . . Persian, Naskh,
Pretrained Print Frint Ottoman Turkish, Nasta’liq
Urdu
Urdu Print Print Urdu Nasta'liq,
Naskh

Table 2: Suite of OpenlTI recognition models for historical Arabic-script languages.

Latin script was imposed on Wolof speakers during
the colonial era, there is no accessible keyboard
to type in the historical Wolof Ajami orthography.
Although there may be existing online Ajami key-
boards, oftentimes these keyboards are designed
for modern Ajami orthographies that were standard-
ized in the past few decades rather than traditional
orthographies. To rectify this, we have created a
Keyman' keyboard with specifications that reflect
the character inventory needed to transcribe his-
torical Wolof manuscripts. Keyman Developer? is
a free and open-source keyboarding platform that
can be used to create an input method for any lan-
guage and writing system (Showalter, 2016; Santos
and Harrigan, 2020). We also release this historical
Wolof Ajami-manuscript keyboard as open-source
(Yousuf, 2026).

3. Baseline Experiments

We extend our work by evaluating existing Arabic-
script HTR/OCR models on Wolof Ajami data. We
select a suite of recognition models trained on his-
torical manuscripts created by the Open Islamicate
Texts Initiative (OpenlTl),% a multi-institutional re-
search group that studies Islamic texts in different
languages (e.g., Arabic, Persian, Urdu, Ottoman
Turkish) (Miller et al., 2018; Romanov et al., 2019).

"nttps://keyman.com/
2https ://keyman.com/developer/
Shttps://openiti.org/

Model CER
MS Mellon Print 0.625
MS Pretrained 0.668
Generalized 0.671
Mellon Ottoturk Print | 0.768
Mellon Print 0.770
Pretrained Print 0.791
Urdu Print 0.822

Table 3: Historical Arabic-script recognition model
baselines for Wolof Ajami manuscript dataset.

These models are detailed in Table 2. As these
models are trained on diverse languages, including
standard Arabic, and diverse calligraphy styles in
a low-resource setting (Kiessling et al., 2024) they
are appropriate for our studies. CER was used as
our evaluation metric.

3.1. Results and Analysis

As seen in Table 3, we observe high CERs when
these existing recognition models for historical
Arabic-script manuscripts attempt to transcribe
Wolof Ajami manuscripts. We find MS Mellon Print
performs the best when transcribing Wolof text, with
a CER of 0.625. It is unsurprising that the Urdu-
exclusive model (Urdu Print) performs the worst on
our dataset as Urdu, spoken mainly in Pakistan, is
almost always written in the Nasta'liq calligraphy
style — which is non-existent in West African
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Figure 1: Ground truth and automatic transcriptions of a line from “Yeneen mbindum Serigne Mor Kayre”.

M>>I

“ []

Figure 2: Arabic-script letters that are used in Wolof,
but not used in prominent Arabic-script Asian lan-
guages like Arabic, Persian, etc.

manuscript cultures. Conversely, the Generalized
model is the only model trained on the Maghrebi
calligraphy style, which is the sole style our Wolof
dataset is comprised of, yet it performs worse than
MS Mellon Print and MS Pretrained — both of which
were not exposed to the Maghrebi style during pre-
training. There is a noticeable ~0.10 CER drop
between the Generalized and Ottoturk model, ef-
fectively dividing the top three and bottom four per-
forming models.

Unsurprisingly, our evaluated models struggle
to recognize the majority of Arabic-script diacritics.
Although these diacritics exist in the languages
included in these models’ pre-training, they are
scarely used in practice. Furthermore, the mod-
els are also unable to recognize unique letters and
diacritics that exist in the Wolof Ajami orthography
(Figure 2) and are not represented in the training
data for these models. A qualitative example is
shown in Figure 1.

We qualitatively observe in many examples that
the top three models better recognize the general
structure of the ground truth lines. While the tran-

scriptions of the MS Mellon Print, MS Pretrained,
and Generalized models are barren of diacritics
and are unable to recognize unique Wolof char-
acters, they do regularly produce words of similar
length as those found in the ground truth line. Con-
versely, much longer words are produced by the
Mellon Ottoturk Print and Mellon Print models.

Letters in the Arabic script often have dots above
or below the base grapheme (known as i’jam).
These differ from tashkil by being part of the letter
itself and are mandatory in writing. However, the vi-
sual distinction between i'jam and tashkKil is a noted
and prominent challenge in Arabic-script recogni-
tion (Faizullah et al., 2023; Kasem et al., 2023). We
also observe that the evaluated recognition models
often incorrectly recognize an Arabic letter without
i'jam as a similar character with i'jam. However, the
heavy use of tashkil on letters without i'jam have
further led models to simply produce letters with
i'jam instead. Lutf et al. (2014) have focused on
this diacritic challenge in Arabic-script recognition
for Arabic. The more prevalent use of diacritics
in Ajami orthographies warrants furthering this re-
search in future work.

4. Conclusion

In this paper we release the first ever handwritten
text recognition and optical character recognition
dataset for Wolof Ajami manuscripts. Our open-
source dataset contains high-quality images of 17
manuscripts, manual segmentation for the region
and line level, and diplomatic transcriptions pro-
vided by experts. We also release a specialized
Wolof Ajami keyboard as open-source for the ben-

3237



efit of future researchers. The dataset is not only
limited to HTR/OCR as researchers can solely uti-
lize the digitized text for various natural language
processing tasks.

We have extended our work by evaluating Open-
ITI's suite of Arabic-script recognition models
specifically for historical manuscripts on our dataset.
We find that these existing models produce high
character error rates of 61-81% when trying to
transcribe Wolof Ajami text. These models perform
poorly due to a lack of appropriate training data
for Wolof Ajami orthography. The heavy use of
Arabic-script diacritics and unique Arabic-script let-
ters in Wolof, which are absent from the models’
pre-training languages (i.e., Arabic, Persian, Urdu,
Ottoman Turkish), contribute to the models’ poor
performance.

We hope that this dataset enhances recognition
models for diverse languages and inspires the cre-
ation of more HTR/OCR datasets for the dozens
of other African languages with Ajami manuscript
traditions (Mumin, 2014).
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