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Abstract

Processing texts from distant historical periods, especially
those handwritten in languages with low computational re-
sources, presents significant challenges. Even if modern methods
make it possible to achieve, after laborious machine learning pro-
cedures, a fairly good rate of correct character recognition, the
problem of the correctness of the resulting editable text remains
a topical one. This paper presents an approach that contributes
to the automation of the PostOCR proofreading process based on
the presentation of digitized text using historical fonts, similar to
those in the original document.
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Rarity gives things value. What is common is cheap.
What is unique is priceless.

Baltasar Gracian, The Art of Worldly Wisdom (1647)

1 Introduction

Over the years, the interest in the literary-historical heritage is becom-
ing more and more accentuated, and the growing avalanche of scientific
works in the field of old documents digitization is a further argument
in favor of the concern for revitalizing the heritage, thus ensuring its

©2025 by Computer Science Journal of Moldova
do0i:10.56415/csjm.v33.12

243


https://doi.org/10.56415/csjm.v33.12

Tudor Bumbu, et al.

accessibility and contributing to the preservation of the original doc-
ument by widely distributing its digital copy. In the works published
by the authors of this article, different historical periods of writing
Romanian texts in Cyrillic script have been covered. We moved from
the closer (20th century) to the earlier, descending into the depths of
the ages, now being at the processing of handwritten documents in the
Middle Ages.

When we are dealing with well-preserved documents, behind which
there are also rich digital linguistic resources from the historical period
in question (ground truth), the problem of obtaining an equivalent
editable product and, at the user’s wish, transliterated into modern
Latin spelling, possibly with updated spelling and vocabulary, can be
largely considered as solved.

The challenges arise when working with really old and rare prints
or manuscripts, where we are confronted with a much poorer quality
of the support on which the text was written or printed, including
traces left by the weather or poor conditions of preservation (stains,
tears, notes or comments of some readers), transcription errors in the
case of manuscripts, lack of standardized spelling rules, writing without
intervals or other marks of delimitation (scripta continua). In addition
to all this, there was also a large variety of fonts used, for which there
were also no standard norms, as we pointed out in [1], illustrating it
with the example in Fig. |[1|and proposing, at the same time, a method
of font classification.

o areyps wmys e bk e 1 s
spoinali dpiarapas g w acpingYen
" oy ane
Kok fnuc dmat wAtun Jdns g1 deies forsne.
IR A on o frdgedn, w en li g dimi,
Fergiromar pstgiopn. ]

T

3

Figure 1. Different presentations of letters in the medieval alphabet

This variety of alphabets and fonts makes the problem of digitiz-
ing ancient texts even more complicated. Taking all these aspects into
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account, it is natural to follow in the processing of medieval Roma-
nian texts, handwritten or printed in the Cpyrillic characters of the
corresponding era, some approaches specific to the processing of low-
resourced languages.

Broadly speaking, the process of digitizing an old document can be
operated through seven main steps, which are implemented in the HeDy
platform [2]. One of these steps is the verification of the recognized text,
for which the platform offers certain facilities, mainly based on manual
intervention by the user.

On the other hand, there is a natural tendency to introduce ele-
ments of automation at this step as well, for example, in the identifi-
cation of post-processing errors. In this paper, we will examine some
of the approaches and experiments undertaken for this purpose, specif-
ically based on creating editable text in fonts similar to those of the
original image.

2 Historical fonts: problem complexity

Providing appropriate fonts is a necessary part of the historical doc-
ument digitization, being the essence of the process of restoration of
ancient texts and data augmentation for OCR/HTR. Whatever the
intended use of digital content, the visualization of the resulting dig-
ital content has to be as close as possible to the image of the source
document.

The first experiment to verify the correctness of page recognition
by comparing the original page image and the recognized text as an
image was a kind of naive approach to evaluate the quality of the result
using a well-preserved text from the 20th century. Fig. [2] represents a
fragment of the original text (Romanian language with Cyrillic script,
20th century) and its equivalent generated with ABBY Fine Reader.

Evidently, fonts differ in size, so the result is predictably low: 57.5%
of a similarity, with different letter sizes. After manually adjusting the
dimensions (height and width) of the recognized image, the similarity
result increased to 99.75% at a resolution of 300 pt.

Obviously, that manual adjustment may not be a suitable solution
in the case of historical fonts, which are very different by their nature.
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KOMIOHEHUA ATJACYJNYH JUHIBUCTUK MOJIIOBEHECK,
BOJIYMYJ I, APTY 1l

[laprs a doya a Ataacyayii aunesucrux mordose-
neck, soaymya [ (AJIM, I, II) unkayde 285 de xapyo.
«KoHcoHaHTH3MYJTyil» BIii CHIHT KOHcakpaTe 163 je
X3pUb, «AKYeHTYJyil» I «AKUHAEHTEN0D JKeHepaTer—
29 ne xapub, AP 3 X3pUb Ae JKeHepaanzape pefay rpy-
Tnapst "pAPUIOp MOJNLOBEHEIITD e 6a3a MapTHKYJ/IapH-
TILHIOP BOKANH3MYJYH, KOHCOHAHTH3MYJ/YH 1K (eHo-
MeHenop akuujeHTage. AyTopysa auecrop 195 ne xspupb
ecre P. . YAJEP. «Mopdonoxusi» ecre npeaeHTars
ne 90 fe X3pub, KOHCAKpaTe KOHKYrapuil B2pOyayit ja
Andepure TUMIYDD IH MOAYPb, IHTPESYHHISPHIT 1y6-
Jie a IPOHYMEJIOp epcoHaste CKypTe, GOpMeIop fe Chu-
rynap wu Je Taypad ajie cyGCTaHTHBYJIYH, IPEKyM MK
ApTUKOJYJIYH, alKKTHBYJNYH, HyMepaayayH, Ipenosu-
uneil, azaBepOyayit wu maprukysneil. Jla 88 me xspub
ayrop ecre B. @. MEJIHHK wn na 2 xapub («AKym»—
515 wm «Tra» — 520) — B. A. KOMAPHHIIKH.
Pacniyncypuse nun nynkrese 75, 92, 146 wn 236 nentpy
roate deqe 90 ;e X9pib rpamarukaie ay (GocT biHpe-
xucrpare ne B. A. Komapsuixu.

[eoapeue ecte Ky HemyTHHUS e a pedaexra me O
XapTs TOTa/au3aToape TtoaTe (eHoMeHese (oHeTHUe,
KOHIITHEHT aM J3carT Ja o napre myJre q}ﬂHTE Ae JUM-
05 MMIOPTaHTE [He ex3eMILly, LIHKHAEPS Ayl e huHal
HeaK42HTyaT (>u), BIHKHIEpS JyH & QUHAN HeaKuyeH-
Tyar (>ot), Tpedeps ayit 6 (+o, y) aa h pocrups cy-
HETeJIOp & WM X Wl. a.], IpeKyM IIH MyJaTe QoHeTHsMe
uzonare [rped, 10T, HOp, Goipgh, apa, (yr) nac, (ey)
aw (aykpa) m. a.]. lUln peHomenene avects koudup-
M3 [IeJUMHTAps YHUTSLUIIOP JIOKaje ajle TePUTOPHYIYit
HOCTPY JIMHTBUCTHK IUH KOMIJIEKTS33 KapaKTepHCTHKa
(HeKspyil Ipyn e rpaopb.

A Tpesl XapT3 CHHTETHKS ape Ja 6a3s akuudente sie-
Hepaie uli QK4EHTYA, PUKCATe BIH KyBUHTE amapre,
ABBIHJ JIPENT CKON KOMIUIEKTaps TalG/IoyayH xKeHepas
aJ1 YHOp CyOAMBH3UYHDL TePHTOpHAJE ([e eK3eMIUTY, al
TpynyJ/yil e rpalopb TpaHCKapnaTHye, aj TPYyNyayd ae
rpamopb OyKOBHHeHe III. a.).

DIH Jiexenzene XspUMiop [e KeHepaiusape BIH
NpHUMa KOJIOaH3 CHIHT Jarte BapHaHTesae GoHeTHue (ane

KOMIOHEHIIA ATJIACY.IYHl JTIMHTBUCTUK MOJJIOBEHECK,
BOJYMYJ11, TAPTA 11

Hapms a doya a Amaacynyi aunesucmui Mo1006e-
neck, eonymya 1 (AJIM, 1, 11) unkayoe 285 oOe xspys.
«KoHcoHaHTH3MyTyH» BI CBIHT KOHCakpate 163 ne
XIpLb, «AKYCHTYIYH» LK «AKYHACHTEIIOP KeHepaie» — 29
e X3pup, fAp 3 XOpHb Je OKeHepanusape penay Tpy-
Taps TPAlopPUIOp MOJIOBEHENTh Te 6a3za MapTHKyJIapH-
TIUMIOP  BOKAIM3MYJIYH, KOHCOHaHTHM3MyiyH 1 deHo-
MEHEJIOp aK4ujeHTane. Ayropyn adecrop 195 e xopim
ecre P. 5. VIVIEP. «Mopbonoxus» ecte NOpe3eHTaTd
me 90 ge Xopub, KoHCaKpaTe KOMIKYIdpuil BepOymyii na
Jmdepute TEMIyph WM MOJYpPb, BIHTPEOYMHIDPUH J1y6-
e a TpOHyMenop TepcoHane cKypre, GopMenop ae CHH-
ryjap mu je Taypan ane cyOcTaHTUBYIyH, NpekyMm i
apTHKOIYJIyH, — a/UKCKTHBYJIyH,  HyMecpaiylyi,npernos3u-
umei, angpepOymy#t mwm maptukynei. Jla 88 me xspup
ayTtop ecte B. @. MEJ/IHHUK, mm na 2 xapup («AKymM»—
SIS mm «d1» — 520) — B. A, KOMAPHUIIKH.
Pacnyncypunie aun nynkrene 75, 92, 146 mm 236 neuntpy
Toate uene 90 me Xopup rpamaruxaie ay (oOCT BIHpe-
skuetpare ne B. A. KomapHuiky.

Jleoapeue ecTe Ky HEIYTMHLD Je a peduekra 1€ o
XapTd? TOTanmM3aToape ToaTe (peHOMeHenme  (poHeTHUE,
KOHIITHEHT aM JIdcaT Jla O mapTe Mynre ¢ante ne JIUM-
65 uUMIOpTaHTe [7e eK3eMIUly, bIHKHAeps Iyil e (uHan
HeakueHTyaT (>u), BIHKHAeps Jydl o QuHan HeakdeH-
Tyat (>ur), Tpedeps nyid ¢ ( + o, y) na h poctups cy-
HETeNop 2 MM X LI a. |, OpeKyM I Mynate (oHeTHsMe
nsonare [rpeil, Tor, Hop, Bhip(, ¢op3, (yn) mac, (cy)
am (zykpa) m. a. ]. Iln denomenene advectss KoHOHp-
M> JeTMMHUTaps YHUTOLUMIOP JIOKajle aje TepUTopuynyi
HOCTPY JIMHIBUCTMK 1M KOMIUICKTAI33 KapakTCpPHCTHKA
duekapyii rpyn jie rparops.
A Tpes XapT> CHHTETHK? ape 1a 6a33 aKuuIeHTe xKe-
Hepane IUM AaKYeHTyJ, (UKCAaTe LIH KyBHHTE amapre,
aBBIHJL JIPENT CKOIN KOMIUIGKTaps Tabloynyi sKeHepai
an yHOp CyOIMBH3MYHB TepUTOpHane (de eK3eMILTy, ai
rpynyiyii J€ TIpaiopb TpaHCKapnaTvye, an IpymyiyH ne
rparopb OYKOBHMHCHE III. a.).
bln nexengene XIpuuwiaop Ae eHepaiusape bIH
OpHMa KOJIOAH> CHIHT JaTe BapuaHTene QoHeTHue (ane

Figure 2. XX century text: source(top) and OCRed(bottom)
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Therefore, it is necessary to find a solution for the automatic generation
of fonts that are maximally similar to those in the original text.

3 Automating the generation of historical fonts

Automatic font generation is the creation of a new font library based
on the reference document images. The main challenge today is to find
a good balance between the automation of the process and the quality
of the resulting font. The quality measures vary depending on the
problem that needs to be solved. The designers require the capturing
of font family characteristics, serifs, stroke shapes, etc. Solving our
work tasks requires only the maximum proximity of letters between
the original image and the generated digital document.

Font generation is implemented in two stages: creation of letters
templates and library generation.

Font library generation

Font library generation is still challenging for a large alphabet with
complex letters. For European alphabets, which contain a compa-
rably small number of letters, the generation process today is well
developed, offering multiple online tools and software like FontLab,
FontForge, Calligraphr. For the presented research, we chose Font-
Forge — a free and open-source font editor. FontForge is easy to
install on every operating system (OS), being included in standard
stores and repositories. It has standalone applications and APIs for
the most popular programming languages. FontForge’s main func-
tion is to input the letter template, to create the letter, and to place
the obtained letter in the corresponding position in the Unicode ta-
ble of the new font. The letter template can be a ready vector or
a raster image (BMP or PNG). The vector letter template is placed
directly at the cell, specified by Unicode value (Python example:
glyph = font.createChar(unicodeChar, charName)). The image
letter template initially has to be traced by applying the autotrace
function. Embedded FontForge tracing is well-trained on European al-
phabets, but results strongly depend on template image quality. Our
tests show that FontForge can trace a clear and strongly binary image
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with very high precision, even for complex letters. An example of its
application is illustrated in Fig.

Source font (Blackadder ITC Std) %E« az‘zgo ZZ
FontForge generated font %Q az‘:gc E’SZ

Python example:

glyph.importOutlines(img_name, background=True)

glyph.autoTrace()

Figure 3. Fancy Font Digitizing Example

Letters templates creation

Automatically creating a letter template is now the main challenge
of image-based font generation.

The researchers are employing the language models, which achieve
significant results in solving recognition problems. But solving the
image-based font generation problem, language models stumble upon
the Stroop effect, tending rather to read the text than to analyze the
font properties. In the paper [3](March 2025, USA), the researchers
tried to avoid the Stroop effect, evaluating different inference strate-
gies, including CoT prompting, MCQ, and few-shot learning. Based on
the tests conducted in this paper, the authors stated that the Stroop ef-
fect arose due to the modern implementation of attention mechanisms.
In their opinion, when solving the recognition problem, the attention
mechanism focuses on the edge information of the characters, which
pushes the font details into the background. In continuation of our
work, we intend to contribute to overcoming this issue and to use the
potential of well-trained language models recognition.

Aside from the research, a modern practical solution to the font
generation problem involves the creation of letter templates using con-
ventional text recognition software. The main feature of creating letter
templates using standard OCR is the need to catch segmentation at
the letter level. The APIs of the most popular OCR systems have the
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corresponding functions, and the generative machine can answer the
prompt: ”Get the coordinate of the text block”. The problem arises
that the researchers are usually restricted by free tools. The majority
of OCR tools have access to character segmentation only in commercial
versions. Also, the prompt: ”Get the coordinate of all characters in
this text block” is marked as out of free license.

Experiment with the use of FineReader Engine

The second study was performed using the commercial API Fine-
Reader Engine 12 (the current version on which all currently used
FineReader versions are based). A program (about 200 lines of code)
was developed in Python using the comtypes and win32com interface
libraries to cut a handwritten text page image into separate letters. An
example of a handwritten page taken from [4] is shown in Fig.

An example of a handwritten text

s ' -

/ ~ = ~,

z’uueumeeronmn&ucuouan H
. — g ~

nflc?orl*ﬂﬁﬂnoy',u‘m.)rnuh,ymoyv\ﬁ;

(M OF" M OY A OF HICE HITTA L H.111 1o

Pk APEALYALYHEADY B 1oy KAB H

nro '?t!ri ?ﬁvju A'nr ot e

e CH HA L ‘J et OGN

Hem b p EHIHEQIEMB,TA-TIOHITI EHITP
7 ’ -~ -~ I‘\
BBZHOCHITIEET OR B IChi l.’mm/q H

hor}'c‘\rrmtm He o?*tﬁ/g €T EA¢ ﬁe'(m’u
AOQGY’UU""(""KO umf\égmnnoéo
nuulgndr?uﬂuaégo'r i« oka'umr;/\j

Several of the resulting images of individual characters
A ' HA r ochusre <£

Figure 4. Segmentation by FineReader Engine

To test the efficiency of this method, Russian was set as the recog-
nition language, since the goal was to debug the interaction with
FineReader Engine through its API in Python. Using FontForge, a
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font was generated, and the original image of the page was compared
with the reproduced one, which gave a match of 85%. With FineReader
Engine, the training has started to OCR uncial Romanian fonts on the
corresponding manuscripts of the 13th-15th centuries.

Perspectives for using the TesseractOCR

In recent (2025) historical documents digitization works, the com-
bined approach that uses both traditional OCR and language models
is being researched. Among these works, USA [5], Norway [6], Eng-
land, and Germany [7] selected TesseractOCR as a traditional OCR
tools. Such a choice demonstrates how the free tools requirement in-
spired the modern revival of TesseractOCR. Despite TesseractOCR’s
outdated architecture, this software has most of the features demanded
by researchers: it is well trained on all rich-resources languages; it works
both online and on every operating system; it has an API for the most
popular programming languages. For example, in Fig. character
segmentation is done by the function pytesseract.image_to_boxes.
In the case of the historical Romanian alphabets, TesseractOCR train-
ing is not time-consuming, since these alphabets differ from the usual
Cyrillic alphabet by only a few letters. The TesseractOCR repository
has a fine-tuning script that easily adds several characters to the ex-
isting model. So, in addition to our tests of FineReader Engine, we
tested TesseractOCR for solving our problem.

4 Automated error correction

One of the stages of text processing within the HeDy platform is the
verification and editing of the recognized text. Until now, this stage has
been performed exclusively manually, with the system providing only
support through the display of a virtual keyboard corresponding to the
historical period of the document. We can now extend the functionality
of this stage by adding the ability to automatically detect OCR, errors.

For this purpose, the direct comparison module (DCompars) is in-
cluded in HeDy as a supporting tool of the PostOCR stage. DCompars
performs a direct comparison of two inputs: a preprocessed image of the
source document and an image generated from OCR results. This com-
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parison is based only on the image features, regardless of the text ones.
Focusing on image features allows us to employ the full advantages
of modern image processing from powerful libraries of popular pro-
gramming languages to VLM. The direct comparison method is fully
applicable for PostOCR processing of scans of well-printed documents,
but has serious limitations in the case of images of historical docu-
ments. First of all, modern OCR tools accept source documents that
are noisy or have curved text lines. In such cases, the direct compari-
son method requires additional preprocessing actions, but most of them
can be implemented using the same image processing tools. Another
limitation is determined by the text content of the input images: only
the first mismatch in the text line can be detected. Each incorrectly
recognized character shifts the rest of the line, and these mismatches
become uninformative.

Despite the limitations, DCompars can significantly support the
implementation of error detection and classification. Moreover, this
support can be obtained without additional development, because the
inputs required for DCompars are generated by existing HeDy tools.

The first DCompars input is the result of the source document
images’ binarization made on the PreOCR stage.

The second DCompars input is created from the result of the
generation of the full digital copy of the source document images. The
full digital copy is generated as a PDF file and supposes the exact
mapping of the fonts and layout.

The DCompars main output is a set of coordinates of pixels,
which differ between two images. This set is organized as a list of
contours. The contour contains connected pixels. In addition to an
array of coordinates, DCompars output provides bounding boxes of
each contour.

At the current stage of development, only part of the DCompars
output — the bounding boxes of mismatches — is used in manual er-
ror correction to mark the proposed error candidates. But the main
planned contribution of DCompars supposed to be the automatic cor-
rection of errors at the HeDy PostOCR stage.

To demonstrate the potential usability of DCompars, a simple ex-
ample of manual error analysis is provided. This example shows in
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detail how the DCompars application supports the error correction
process.

In Fig[s, DCompars inputs are presented: the left image is a frag-
ment of a late 18th-century book; the right image is a synthetic copy
of the same fragment, which is generated based on the text obtained
by the left image’s OCR. This book is printed using a font that was
commonly used at this time, so this font is already digitized, named
Ponomar, and available for download at several web collections of free
fonts. To make the example more informative, the source document
image was processed by an advanced binarization module, which is
currently in development and is not included in the HeDy pipeline.
This binarization removes “the halo” that appears around letters in
old books.

MeHTPY 6EPOMA

Eﬁpom ELTE ALUIBZNTS 5 AT e 36: i 72: A rpaAe

TenTePY ¢6EPOMA

ﬁﬁpona ¢0Te AECATE e 36: i 72: A rpaAE

A€ ABUHME , LUIH ATYE 10, LM, 65: ¢ Ayﬂl‘lﬂ'
ME, AAEKE , AEAd, 30, A€ [PANE 5 AHETpE AZU’HMfk
m(bﬂopro,\?(ﬁ NAHZ AA 5 72, A€ AZLI'HM’L' AEETIpE MI0AK
LH AAd , 10 TPAAE A AYm‘mMrl; ) Aesnpe anSe ,

nAwuz a1, 65, Agenpe Ayﬂan'i; Fz:zpwryﬂﬁ.

A€ ABUHME , IR \TYE 10 5 (LIH 65: ¢ AYNHIH-
M, ANEKE , AEAA 530, A€ TAAE , AHEnpe AZU,HM"L'
s|<4>ArroFroA¥n NEHE Ad , 72 , AE Azu’nM'i; AEETIGE TI0AL
LH A6AL 5 10 TPANE A AgHI,IHM’h ) Aeonpe anse ,

nwHg A, 65, Aeenpe A}[HI‘IHM’L' fmpn'rgﬁ(n.

Figure 5. DCompars inputs of the presented example

Fig. [6] shows the output of DCompars for the bounding boxes of
mismatches, drawn on the source document image shown in Fig.
The bounding boxes are marked by green color, but in the printed
paper, the color looks light gray.

The error candidates are analyzed consequently from the top-left
corner of the output image.

The first frame marks the typical OCR error: the letter H is recog-
nized as letter Il. Such a type of error is usually corrected automatically
in the text editor after corresponding training of the embedded correc-
tor. However, despite the ease of correction, in the case of historical
documents, this error candidate must be analyzed. It is evident that
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TeEHTPY 6LPOTA

Eﬁpom ECTE ALUIEZATS , \TgE 36: Wi 72: p¢ rpaAe

AE ABUHME , LUK TPE 10, LWk, 65: A Agm‘m-
ME, AEKR , AEAA , 30, A€ PAAE , AHEnIpE AZLI'HM’ll_\'
5|<45Arro?m§{ﬁ NAHZ Ad , 72 , AE AZLI,HM"} AEeTIge Mok
LUH AEAL 5 10 TPAAE A€ Aym,mmrk y ASTIge ¥ ,

NAHZ A, 65 y AEﬁﬂff AXHI‘IHMT'} fZEZfHTyAgFI.
Figure 6. DCompars output bounding boxes drawn over source image

the image is clear and the letter pattern strictly defines H. Therefore,
this error may be a sign of a real problem with the OCR engine. This
may be an insufficient training or an implementation error, when the
OCR process stops when a high probability of a letter is obtained and
does not search for a higher probability.

The second frame marks the use of decorated letters at the be-
ginning of each section. If the purpose of digitization is only to obtain
text, this error candidate can be ignored. If a complete digital copy
of the source document is created, the correction is performed using a
simple procedure: the appropriate font is generated, and the necessary
letters are replaced in a text editor.

The third frame marks the most significant error candidate in this
example, as this is an OCR error caused by the specific features of the
Romanian historical Cyrillic alphabet. In the usual old Cyrillic, the
upper part of the letter 3 is smooth curved, whereas in the Romanian
historical Cyrillic, this letter looks like Latin Z with the tail of the
Cyrillic letter. Such errors require the OCR-related correction of the
letter pattern or the transformer.
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The fourth and the fifth frames mark the same errors-candidate
when letter H is recognized as H. The space between the lines of his-
torical documents often contains many symbols, both informative and
not. In most cases, the OCR engine is trained to ignore these symbols.
So, the possible reason for this error is the ignoring the upper part of
H. But, as mentioned above, untimely OCR stopping is also a possible
reason.

Resuming the above example, PostOCR, processes, which the ap-
plication of DCompars outputs supports the most successfully, are au-
tomatic error detection and classification.

Taking the automatic error detection and classification as the
DCompars planned functionality, the further development of DCom-
pars will focus on the following.

— Adding a tool for transferring bounding boxes in the API of OCR
engines. This tool will be helpful for OCR-related error correction, for
example, to repeat the OCR of the neighborhood region.

— Adding a tool for analyzing contours using both image and text
features to classify error candidates.

— Adding a tool for exporting the output in a form suitable for ap-
plications. Since the contour is a vector and is supplied by a bounding
box, that allows us to obtain the corresponding raster, there are several
PostOCR tasks that can use DCompars output: creating an errors dic-
tionary; generating synthetic data, both ground truth and erroneous;
and developing transformer adapters.

5 Conclusions and Further Works

Our research aims to equip the HeDy platform with tools to support the
process of identifying and correcting PostOCR, errors. The automatic
generation of a font library based on the processed document and the
inclusion of a module for comparing the original image with the one
obtained after OCR (generated using fonts similar to the original ones)
allows us to automate error identification, marking their presence in
the processed text.

We selected the free TesseractOCR as a backend tool for characters
segmentation, due to a simple fine-tuning procedure that allows us to
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create a model for historical Romanian alphabets.

Also, in continuation of the presented research, we intend to con-
tribute to overcoming the Stroop effect, which appears during font
recognition by well-trained language models, by developing adapters
for attention mechanisms.

This paper is the extended and revised version of the conference pa-
per presented at the 5th Workshop on Intelligent Information Systems
(WIIS2025).

Acknowledgments. The project SIBIA 011301 “Information sys-
tems based on Artificial Intelligence” has supported part of the research
for this paper.
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