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Abstract
The digitisation of handwritten historical material is essential for preserving cultural heritage and enabling search
and computational analysis. For Maltese, historical handwritten resources are scarce, and, to the best of current
knowledge, no public handwritten text recognition (HTR) dataset for historical Maltese exists. We introduce a
Manuscript Dataset of Historical Maltese (Miktub), collected from the University of Malta Library Special Collections:
35 scanned pages transcribed by specialists and converted into a line-level HTR dataset. A key challenge was robust
line extraction from heterogeneous pages; fully automatic line segmentation was insufficient, so we developed
a semi-automatic pipeline combining horizontal projection profiling with lightweight post-processing and manual
refinement to maximise line fidelity. We provide two annotation variants, including a corrected/standardised
version (Miktub-COR) designed to improve consistency, accessibility, and downstream learning stability. We
benchmark two strong public HTR models, HTR-VT and VAN, and report the best test performance of 4.68%
character error rate (CER) and 13.59% word error rate (WER) on Miktub-COR with VAN. We will release Mik-
tub publicly upon acceptance, along with scripts and splits, to support historical Maltese-language technology research.
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1. Introduction

Large-scale digitisation initiatives increasingly rely
on Handwritten Text Recognition (HTR) to reduce
the cost of transcribing handwritten documents, en-
abling search and computational study of collec-
tions that are otherwise locked in image form. Yet
HTR performance depends heavily on the avail-
ability of labelled data and careful preparation of
line-level training material. HTR is often seen as an
extension of Optical Character Recognition (OCR),
in which scanned or photographed documents
are converted into machine-readable form through
stages such as text-region detection, line/character
segmentation, and recognition. Whilst all these
processes are present, HTR must cope with sub-
stantial intra- and inter-writer variation, inconsis-
tent character shapes, and irregular spacing, which
makes it a considerably more complex recognition
problem and motivates the use of more expressive
modelling approaches.

This study addresses HTR for Historical Mal-
tese Manuscripts. While HTR is used in several
applied domains (e.g., medical documents and
cheques), historical manuscripts introduce addi-
tional challenges such as physical degradation and
ink bleed-through, which can distort character ap-
pearance and line structure. In practice, digitising
historical collections still often relies on manual
line segmentation and transcription—procedures
that are repetitive, time-consuming, and require
trained personnel. HTR can substantially accel-
erate this workflow by automatically segmenting
and transcribing pages, leaving humans primarily

with post-hoc correction; correspondingly, reducing
recognition errors directly decreases the manual
effort required to clean transcriptions.

Maltese is a Semitic language, with influence
from Italian and English (Borg and Gatt, 2017). It
is written in the Latin script, with a small set of
orthographic diacritics and language-specific let-
ters (notably ċ, ġ, h̄, ż). For HTR, the recogniser
must still capture fine-grained distinctions intro-
duced by diacritics, which are particularly vulnera-
ble to noise (e.g., fading, bleed-through) in histor-
ical scans. The problem offers an opportunity to
leverage techniques and architectures developed
for other Latin-script settings, while still confronting
the low-resource and historical-domain constraints
specific to Maltese collections. The motivation for
this work is rooted in cultural preservation and ac-
cess. Many historically significant Maltese docu-
ments remain available only in handwritten form,
and the scale of unprocessed archival material far
exceeds the human resources typically available
for full manual transcription.

Recent advances in neural HTR have made large
gains in automation, but these systems are predom-
inantly optimised for high-resource languages and
domains; consequently, their effectiveness is lim-
ited when applied to historical Maltese texts. This
project is therefore driven by the need to bridge that
gap by developing and evaluating an HTR pipeline
for the accurate transcription of historical hand-
written Maltese, supporting preservation, scholarly
study, and the broader dissemination of Malta’s
written heritage.

Concretely, the work pursues a model that min-
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imises transcription error, especially character error
rate (CER), to reduce manual intervention in down-
stream transcription workflows. Accordingly, this
work makes three primary contributions:

1. Miktub, a line-level dataset derived from 35 his-
torical handwritten pages curated for diversity
in authorship and difficulty (e.g., faded/struck-
through content), enabling research in low-
resource historical HTR.

2. A practical semi-automatic line segmentation
workflow that bridges the gap between unreli-
able full automation and expensive manual
segmentation, designed for heterogeneous
scans

3. Strong baseline results with two state-of-the-
art public architectures (HTR-VT and VAN),
including analysis of how transcription consis-
tency affects training and error rates.

For Maltese, especially historical Maltese, re-
sources are limited; as far as we are aware, no
historical Maltese HTR dataset currently exists, mo-
tivating the creation and release of Miktub.1

2. Literature Review

Early automated handwriting recognition relied on
template matching and manually engineered fea-
tures, inspired by online HTR methods that recon-
struct stroke trajectories (Plamondon and Privit-
era, 1999). Systems used Hidden Markov Mod-
els (HMMs) and handcrafted descriptors (Plamon-
don and Srihari, 2000). These pipelines typically
required explicit segmentation into characters or
words and manual design choices for aligning fea-
ture sequences to HMM states.

Deep learning shifted the field toward end-to-end
training. A key step was the introduction of Con-
nectionist Temporal Classification (CTC), which en-
ables learning alignments between long input se-
quences and shorter transcriptions without requir-
ing pre-segmented character boundaries (Graves
et al., 2006). Coupled with Multidimensional
LSTMs (MDLSTMs), this provided robustness to
two-dimensional distortions (e.g., slant and local
shifts) while allowing line-level transcription without
explicit segmentation (Graves and Schmidhuber,
2008). The standard CTC mechanism—including
an explicit blank symbol to separate repeated char-
acters—remains influential due to its suitability
for HTR’s alignment problem. Puigcerver (2017);
Bluche and Messina (2017) found that MDLSTMs
often do not substantially outperform faster alterna-
tives based on a CNN feature extractor + BLSTM +

1Code and data available here: https://github.
com/MLRS/Miktub/

CTC, especially when combined with data augmen-
tation; these 1D recurrent models achieve strong
accuracy while offering improved computational
efficiency.

Beyond purely recurrent/CTC pipelines, attention-
based encoder–decoder models became promi-
nent: convolutional backbones produce feature
maps, while attentive decoders learn soft align-
ments over image regions, improving robustness
to irregular spacing, cursive joins, and local degra-
dations (Bluche et al., 2017; Wu et al., 2019).

Hybrid objectives combining attention-based
cross-entropy with CTC have also been used to
stabilise training and improve convergence in low-
data regimes. Transformer-based approaches unify
visual encoding and sequence generation. TrOCR
(Li et al., 2023) exemplifies this direction by pairing
a Vision Transformer (ViT) encoder with a Trans-
former decoder: the encoder represents a line im-
age as a sequence of patch embeddings and ap-
plies self-attention to capture long-range depen-
dencies, while the decoder generates text auto-
regressively via cross-attention. Pre-training on
large printed/handwritten corpora is central to this
paradigm, enabling strong transfer when fine-tuned
on line-level benchmarks.

2.1. HTR-VT and VAN
Two strong public architectures align well with the
constraints of historical, low-resource HTR. HTR-
VT (Li et al., 2025) adapts the ViT idea to handwrit-
ing by replacing patch embedding with a lightweight
CNN that yields dense, high-resolution token em-
beddings aligned with stroke patterns. It introduces
span feature masking (masking contiguous token
spans during training) to encourage contextual rea-
soning rather than overfitting to local stroke cues,
and it combines this with Sharpness-Aware Mini-
mization (SAM) to improve data efficiency. Decod-
ing is performed with CTC, preserving the benefits
of alignment-free training. HTR-VT is particularly
relevant here because it achieves strong results
on the LAM dataset (2.8% CER / 7.4% WER), sug-
gesting it may transfer well to similar historical letter
collections.

The second architecture, VAN (Coquenet et al.,
2023), is motivated by a major practical bottle-
neck in historical collections: the fragility of ex-
plicit line segmentation. Instead, VAN processes a
paragraph image using a lightweight convolutional
backbone and applies a recurrent vertical atten-
tion mechanism that scans top-to-bottom, implicitly
isolating lines without an external segmentation
stage. It iterates attention steps until all lines are
covered, enabling end-to-end paragraph transcrip-
tion, and has reported strong performance on his-
torical datasets such as READ 2016 and IAM with
relatively few parameters. Importantly, VAN’s para-

https://github.com/MLRS/Miktub/
https://github.com/MLRS/Miktub/
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graph decoding still depends on a line recogniser,
so line-level training (and thus line-aligned supervi-
sion) remains necessary, and robustness to unseen
handwriting typically requires further fine-tuning.

2.2. Post-processing for HTR
Many HTR systems treat recognition as a two-
stage problem: an optical model produces raw text,
followed by a language-informed post-processing
module that corrects likely errors (Li et al., 2023;
Bluche and Messina, 2017). Traditional post-
processing commonly integrates lexicons and n-
gram language models into decoding, thereby re-
ducing out-of-vocabulary errors and improving plau-
sibility (Povey et al., 2011). However, two limi-
tations are particularly acute in low-resource set-
tings: these methods require carefully constructed
corpora/dictionaries for LM training, and n-grams
capture only short-range dependencies, limiting
context-sensitive correction (Chen and Goodman,
1999; Bengio et al., 2003).

Neural post-processing addresses these issues
by learning a mapping from noisy HTR output to
corrected text using Seq2Seq architectures with
attention, borrowing from machine translation and
grammatical error correction (Neto et al., 2020).
Because these models are data-driven, they can
adapt to the characteristic error patterns of a given
optical model without relying on handcrafted lexi-
cons. Neto et al. (2020) conducts a comparative
study evaluating statistical and neural correction ap-
proaches across multiple HTR datasets and reports
that neural methods substantially outperform statis-
tical baselines; notably, a Luong-attention Seq2Seq
model corrected a markedly larger share of erro-
neous sentences than a widely used HMM-LM ap-
proach. This motivates prioritising neural correc-
tion when sufficient paired data exists, while still
retaining lightweight statistical correctors as practi-
cal baselines.

2.3. HTR datasets
High-performance HTR models can be pre-trained
on large public datasets before fine-tuning on a
target domain to improve error rates (Parres and
Paredes, 2023). Widely used datasets such as IAM
(Marti and Bunke, 2002) and RIMES (Grosicki and
El-Abed, 2011) consist of more recent documents
with contemporary handwriting styles and show few
signs of wear, suggesting they may not share many
characteristics with our data. On the other hand,
many benchmark datasets and other popular his-
torical datasets were considered for the purpose
of pre-training models before being fine-tuned on
our dataset, including READ 2016 (Sánchez et al.,
2016), Bentham (Sánchez et al., 2015), LAM (Cas-
cianelli et al., 2022).

The target Maltese collection is characterised as
early 20th-century cursive with occasional block-
letter titles, exhibiting stains and bleed-through and
spanning multiple authors over decades—placing it
between older historical corpora and modern hand-
writing datasets. On this basis, READ 2016 is
treated as a weaker match due to its highly spe-
cialised script/language, and Bentham is excluded
primarily because it is single-author and thus of-
fers limited stylistic variability for robust pre-training.
In contrast, LAM is argued to be the closest over-
all match: it is large, historically degraded, spans
decades (capturing handwriting drift), and resem-
bles a letter-style manuscript domain.

3. Methodology

3.1. Data Source and Scope
We construct the Miktub dataset, named after the
Maltese word for ’written’, from historical material
held by the University of Malta Library Special Col-
lections Department. They provided 35 scanned
page images together with full textual transcriptions,
with explicit selection criteria aimed at maximising
diversity and practical difficulty: multiple authors
over multiple decades (hence multiple handwriting
styles as shown in Fig. 1) and the inclusion of phe-
nomena common in archival documents, such as
struck-through text, fading, and other degradations.
The intent is to support HTR development in a realis-
tic setting and to promote robustness when models
are deployed on unseen authors and pages.

Figure 1: Four samples from different pages of the
Miktub dataset illustrating the variety in conditions
and handwriting.
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3.2. Line-level dataset construction
Most contemporary HTR systems assume line-
level inputs. Consequently, each page image and
its transcription are converted into aligned line in-
stances. Text splitting is straightforward: each
page transcript is programmatically split into indi-
vidual lines, stored as a single text file per line,
grouped by page. Line image segmentation is sub-
stantially harder for heterogeneous historical pages.
An initial approach was based on Horizontal Pro-
file Projection (HPP) combined with A* pathfinding
to refine line boundaries (Shernobyl, 2024; Muthu,
2022). However, this approach proved unsuitable:
it frequently merged multiple lines, missed por-
tions of lines, and was slow (minutes per page),
which impeded iterative development. Multiple en-
hancements were explored, including peak cluster-
ing, line-height constraints, dilation strength, peak-
detection thresholds, and cropping, yet the A* com-
ponent remained both costly and unreliable, so it
was removed.

The segmentation effort then focused on detect-
ing robust line boundaries from HPP peaks. Two
clustering strategies were tested (DBSCAN and
adaptive gap thresholding), but both still produced
closely spaced spurious boundaries and required
sensitive tuning across pages. A simpler post-
processing rule—peak filtering, i.e., rejecting any
peak occurring within a fixed pixel radius of the
previous accepted peak—provided a practical com-
promise: it enforces at most one boundary per line
region and generalises across pages without per-
page parameter search, at the cost of occasionally
keeping the less accurate of two nearby candidate
boundaries.

3.3. Semi-automatic segmentation
workflow

A key empirical finding is that pages in the Miktub
dataset are non-standardised, so parameters that
work for one page often fail on others; some pages
are not fully segmentable under a purely automatic
regime, making full automation infeasible for build-
ing a clean training corpus. The adopted solution is
a semi-automatic workflow: a fast automatic stage
proposes approximate boundaries, followed by a
manual adjustment stage that ensures each crop
preserves the full vertical context of the handwriting
(ascenders/descenders) while minimising overlap
with neighbouring lines.

The automatic stage retains HPP but adds (i)
optional auto-cropping to remove irrelevant mar-
gins (especially for small documents scanned on
an A4 canvas) and (ii) the peak-filtering step. Most
parameters are fixed globally (e.g., dilation and
peak threshold), while cropping is enabled by de-
fault and disabled when it would clip text. This

streamlined procedure runs in seconds and typi-
cally places boundaries slightly below baselines;
however, because it effectively “slices” the page
rather than explicitly isolating each line, it can cut
off descenders and occasionally ascenders. Man-
ual adjustment, therefore, remains necessary for
high-quality line images.

Manual refinement is implemented as border edit-
ing (top/bottom and, optionally, left/right), rather
than editing a single separating line, allowing a
single line crop to be expanded without altering
adjacent crops. This step is particularly important
for interlinear corrections, where an author inserts
text between two main lines (sometimes with ar-
rows indicating intended reading order). Depend-
ing on length and layout, such corrections are ei-
ther merged into the corrected line (when short and
readable in-place) or treated as standalone lines
(when written as a distinct intermediate line). Ex-
treme cases may still force overlap between crops
due to tight vertical spacing.

3.4. Transcriptions and dataset variants
During alignment, two transcription issues
emerged. First, line-order mismatches occurred
because the exported transcriptions supplied by
the Data Provider are derived from line-bounding
polygons; the textual line order may not corre-
spond to the vertical order of line images. This
problem is especially common when corrections
are present, because a single correction line
can be split into multiple annotated segments.
Second, the transcriptions contained systematic
inconsistencies and errors, including irregular
spacing around punctuation, spacing near clitic
articles, accent/diacritic substitutions or omissions,
and case errors; additionally, some words were
misspelt or omitted.

To handle these issues, we define two dataset
variants. Miktub-ORG preserves the original tran-
scriptions “as provided”; consequently, pages with
annotation/image mismatches are excluded, reduc-
ing coverage. In contrast, Miktub-COR applies
a standardisation pass with explicit guidelines for
punctuation and stylistic consistency, correcting
transcription errors and ensuring one-to-one align-
ment between each line image and its text. A
log of edits is maintained for traceability. Miktub-
COR standardisation prioritises consistent format-
ting to improve model training stability and usabil-
ity for search and assistive technologies, while
largely maintaining a diplomatic stance (transcrib-
ing what is written rather than “correcting” author
misspellings). An exception is made when marks
are clearly displaced (e.g., a delayed cross or dot
shifting position), where the intended character may
be transcribed to avoid systematic ambiguity.

As a result, Miktub-COR includes all 35 pages
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and totals 1076 line images, with an 80/10/10
split into 860/107/109 lines for train/validation/test.
Miktub-ORG is smaller: 21 pages, 668 lines total,
split into 507/63/64. Agreement between transcrip-
tion variants, measured at the page level on the full
dataset to avoid alignment mismatches, was 3.76%
CER and 16.67% WER.

For subsequent paragraph-level experiments,
bounding-box metadata for line locations in the
original page images is required; because this was
not produced during initial dataset creation, it is
generated retrospectively via template matching to
recover line bounding boxes.

3.5. Out-of-distribution (OOD) test set
To assess generalisation to unseen handwriting,
the Data Provider later provided additional pages
from the letters collection of P.P. Saydon and Ġużè
Aquilina (1932–1946). The two pages were sam-
pled, segmented using the same semi-automatic
colour workflow as Miktub-COR, and transcribed
from scratch. The resulting Saydon–Ġużè Letters
(SGL) dataset contains 55 line images, used exclu-
sively as an OOD test set.

3.6. Experimental protocol and model
training

We evaluate two open HTR architectures: HTR-VT
and VAN. HTR-VT is used first because its pub-
lished results on LAM enable replication and be-
cause it reports state-of-the-art performance on rel-
evant benchmarks. During training, HTR-VT stores
checkpoints for the best validation CER and WER.
VAN supports selection by best CER or WER and
also retains the latest checkpoint for resumability;
following common HTR practice, we prioritise CER
when selecting the best model.

Pre-training Before training on Miktub, HTR-VT
is trained on the LAM dataset to reproduce reported
performance and to obtain a strong initialisation for
fine-tuning. Although an online link for pre-trained
weights exists, only a READ2016 checkpoint is
available. Thus, we pre-train HTR-VT on the LAM
dataset and retain the same hyperparameters as in
Li et al. (2025). The resulting model (HTR-VT-LAM)
is used for further fine-tuning in the next stage.

HTR-VT on Miktub-ORG The initial Miktub ex-
periments use a binary line image variant (Miktub-
ORG-BINARY) with 668 lines, training both from
scratch and via fine-tuning from HTR-VT-LAM. To
support HTR-VT, the dataset is reformatted from a
page-folder structure into a flat index of line images
and annotations; train/val/test splits are stored as
lists of line IDs (80/10/10). The character set size

is adjusted for the dataset (92 classes for Miktub-
ORG). Training instability near convergence mo-
tivates scrutiny of data quality; binary crops are
found to be narrow and sometimes poorly bina-
rised, reducing legibility. A colour variant (Miktub-
ORG-COLOUR) is therefore created using the semi-
automatic segmentation pipeline while retaining the
original transcriptions.

Fine-tuning implementation and freezing Fine-
tuning is implemented by loading pre-trained
weights and freezing a configurable prefix of named
layers; the classifier head is re-initialised when
class counts differ. An ablation over freezing depth
shows that freezing beyond the second embed-
ding layer limits domain adaptation; the best setting
freezes up to the second embedding layer and is
used thereafter.

Pre-training dataset comparison To test
whether LAM’s domain similarity matters, a com-
parative fine-tuning experiment uses READ2016
as an alternative pre-training source. READ2016 is
a large historical benchmark (10,527 pages; Early
Modern German) with similar page degradations
but markedly different script; available weights
allow skipping full pre-training, enabling direct
comparison under the same fine-tuning pipeline.

HTR-VT and VAN on Miktub-COR We con-
sider two training modes for HTR-VT. The first
is training HTR-VT from scratch on the Miktub-
COR dataset. The second is to use HTR-VT-
LAM (trained on LAM) and fine-tune this model on
Miktub-COR. Because Miktub-COR expands cov-
erage (all 35 pages) and modifies transcriptions,
it also increases the character set to 97 classes.
Empirical comparisons indicate that Miktub-COR
is preferable to Miktub-ORG, and subsequent ex-
periments focus on Miktub-COR. The best HTR-VT
Miktub-COR model is additionally evaluated on the
SGL OOD set.

VAN experiments start with line-level training on
Miktub-COR to enable direct comparison with HTR-
VT, and because VAN’s paragraph-level pipeline
typically relies on line-level weights. Dataset con-
version is performed from the HTR-VT format into
VAN’s expected structure (split folders plus a pickle
file containing annotations and charset). VAN is
trained with default hyperparameters, selecting the
best checkpoint based on validation CER.

4. Evaluation

We evaluate the raw outputs of the HTR sys-
tems (prior to any post-processing) on (i) the in-
distribution test sets of each dataset variant and
(ii) an out-of-distribution (OOD) test set written by
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Experiment CER
(%)

WER
(%)

ORG-BINARY 14.37 34.24
ORG-BINARY+LAM ≤ 3 12.42 29.86
ORG-BINARY+LAM ≤ 2 12.42 29.86
ORG-BINARY READ2016 14.95 37.86
ORG-COLOUR 10.86 28.43
ORG-COLOUR+LAM 10.23 24.12
COR 6.02 15.57
COR+LAM 5.21 13.93

Table 1: Test Set Results of HTR-VT experi-
ments Experiments which freeze N layers during
fine-tuning are shown as ≤ N .

an unseen author. Reported metrics are CER and
WER; for post-processing experiments, we also
report SER (sequence/line error rate).

4.1. In-distribution HTR results
In-distribution results for all dataset variants using
HTR-VT are summarised in Table 1.

Miktub-ORG-BINARY HTR-VT The aim of this
initial experiment is to understand the limits of
small/noisy data and the impact of freezing em-
bedding layers. This Maltese baseline is trained
directly on Miktub-ORG-BINARY and yields 14.37%
CER / 34.24% WER, indicating that the small, noisy
subset does not, by itself, support low error rates.
Several fine-tuning strategies were then tested.
Freezing a large portion of the network (up to the
third embedding block) was strongly detrimental
(26.44% CER / 56.26% WER), suggesting insuffi-
cient capacity remained to adapt to the target do-
main. In contrast, freezing only the first two em-
bedding layers improved performance to 12.42%
CER / 29.86% WER, showing that pre-training can
help provided most layers remain trainable. Finally,
replacing LAM with READ2016 pre-training did not
help (14.95% CER / 37.86% WER), reinforcing that
transfer effectiveness depends on the relevance of
the source domain.

Miktub-ORG-COLOUR HTR-VT To address poor
legibility caused by tight cropping and imperfect
binarisation, line images were regenerated with
the improved semi-automatic segmentation proce-
dure and kept in colour (Miktub-ORG-COLOUR).
This change alone reduced the HTR-VT baseline
to 10.86% CER / 28.43% WER, a substantial abso-
lute gain over the binary variant. Fine-tuning from
the LAM checkpoint produced a small CER im-
provement but a larger WER improvement, reach-
ing 10.23% CER / 24.12% WER. The evaluation

Experiment CER
(%)

WER
(%)

COR 4.68 13.59

Table 2: Test Set Results of VAN experiment.

attributes this pattern to a ceiling effect at the char-
acter level once crops become clearer, while pre-
training still provides useful priors that reduce word-
level confusions.

Miktub-COR HTR-VT The final dataset iteration,
Miktub-COR, uses improved line images alongside
revised transcriptions, leading to a large jump in
baseline accuracy: 6.02% CER / 15.57% WER
without external pre-training. Interestingly, apply-
ing the earlier fine-tuning approach (with freezing)
worsened results (7.10% CER / 18.40% WER), mo-
tivating a different strategy. Following findings that
Transformer-based HTR benefits from adapting all
layers, the model was fine-tuned from LAM with no
freezing, yielding the best HTR-VT performance on
Miktub-COR: 5.21% CER / 13.93% WER.

Overall, these results underline that (i) transcrip-
tion quality and consistency can be as impactful as
architectural choice, and (ii) for Transformer HTR,
partial freezing can hinder domain adaptation when
the target distribution differs materially.

Miktub-COR VAN Because Miktub-COR was the
most reliable dataset variant, it was the only one
used to train VAN. The resulting line-CTC baseline
achieved 4.68% CER / 13.59% WER, outperform-
ing the strongest HTR-VT configuration in this work
and constituting the best “pure HTR” result reported
in (Table 2).

4.2. Out-of-distribution evaluation (SGL)
To probe generalisation, the best HTR-VT mod-
els from each dataset variant were evaluated on
the SGL OOD test set (two pages from an unseen
author). Table 3 summarises how performance
drops substantially across the board: 20.37% CER
/ 53.04% WER for Miktub-ORG-BINARY+LAM,
19.48% / 51.45% for Miktub-ORG-COLOUR+LAM,
and 15.93% / 41.01% for the Miktub-COR model
fine-tuned on all layers. Notably, the gap be-
tween binary and colour variants narrows in OOD,
suggesting that once handwriting deviates signifi-
cantly from training, gains from improved cropping
alone are limited, and remaining dataset inaccu-
racies/inconsistencies become the dominant con-
straint. Although OOD error rates remain high, the
best Miktub-COR model outputs are a useful start-
ing point for assisted manual transcription, enabling
a bootstrapping cycle in which new OOD labels can



386

be incorporated to improve robustness in subse-
quent iterations.

Experiment CER
(%)

WER
(%)

ORG-BINARY+LAM ≤ 2 20.37 53.04
ORG-COLOUR+LAM 19.48 51.45
COR+LAM 15.93 41.01

Table 3: Test Set Results HTR-VT experiments
on the SGL OOD dataset Experiments which
freeze N layers during fine-tuning are shown as
≤ N .

5. Conclusion

This work targeted accurate recognition of early
20th-century Maltese manuscripts and shows
that—given careful data preparation—modern HTR
systems can reach low error rates even on challeng-
ing historical material. The key driver was an itera-
tive loop that jointly improved (i) line segmentation
quality and (ii) transcription accuracy/consistency,
complemented by the strategic use of a closely
related pre-training dataset.

A central outcome is the construction of a pro-
gressively improved line-level dataset. Starting
from the initially segmented Miktub-ORG-BINARY,
the pipeline was refined to produce a higher-quality
colour variant (Miktub-ORG-COLOUR) with better
segmentation boundaries, and finally Miktub-COR,
which incorporates updated manual transcriptions
to improve alignment, accuracy, and consistency.
Each iteration improved the legibility and reliability
of training data and translated into stronger model
performance.

On the modelling side, multiple experiments es-
tablish practical guidance for transfer to histori-
cal Maltese. For HTR-VT, the best-performing
approach is to fine-tune all layers of a model
pre-trained on LAM using the corrected Miktub-
COR data, rather than relying on partial freez-
ing strategies. In parallel, a single experiment
with VAN achieved the best overall results re-
ported in the work, reaching 4.7% CER and 13.6%
WER, and thereby outperforming HTR-VT on the
in-distribution evaluation and, by extension, on the
OOD SGL setting reported in the study.

These findings jointly underscore (a) the value
of domain-relevant pre-training and (b) the impor-
tance of transcription consistency when training
high-capacity recognisers on low-resource histori-
cal data.

Despite meeting the primary objectives, limita-
tions remain. The current dataset size (notably the
35-page Miktub-COR collection) constrains gener-
alisation to unseen authors; both HTR-VT and VAN

struggle with block letters and sequences of capital
letters, and broader coverage (both in- and out-of-
distribution) is expected to improve robustness.

Future work should therefore prioritise (i) expand-
ing Miktub-COR with more transcribed pages and
more handwriting-varied styles, (ii) incorporating
expert-reviewed transcriptions to reduce annota-
tion noise, and (iii) exploring larger or more recent
pre-trained architectures (e.g., TrOCR) while recog-
nising that data scale and quality are likely to re-
main the dominant bottlenecks. Post-processing re-
mains open: one promising direction is fine-tuning
language models for Maltese HTR correction or
integrating them more tightly into decoding.

Overall, the project demonstrates that, even un-
der limited resources, substantial accuracy is attain-
able for historical Maltese HTR, and that domain-
specific datasets plus iterative refinement are foun-
dational for progress in low-resource handwritten
document understanding.
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