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Abstract

The digitization of Spanish historical newspapers poses significant challenges due to low scan quality, typographical
diversity, complex layouts and linguistic variation from contemporary Spanish. While advances in Optical Character
Recognition (OCR) and layout-aware models offer promising results, their effectiveness strongly depends on the
quality and consistency of the underlying training corpora. This work focuses on corpus construction and evaluation
for historical document processing. Two experiments were conducted. In the first corpus los101 was used, a
manually curated and structurally annotated subcorpus derived from historical Spanish newspapers, designed
to ensure coherent ground truth under heterogeneous real-world conditions. This corpus enables systematic
experimentation across OCR and document layout analysis tasks. In a second experimental phase, we apply an
additional layout-focused corpus characterized by structural regularity and consistent page organization, allowing
us to isolate the impact of layout homogeneity on segmentation performance. State-of-the-art OCR models and a
layout detection model are evaluated as validation instruments to assess corpus adequacy rather than as primary
contributions. Quantitative and qualitative analyses based on (1) relationship between annotation quality, (2)
structural variability, and (3) model behavior, show that heterogeneous corpora challenge both transcription and
segmentation stability, while layout-consistent data significantly improves structural detection reliability.
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1. Introduction The main objective of this work is to examine
how corpus design, particularly layout variability,
Before the digital era, research on historical news-  affects the performance of OCR and layout analy-
papers required physical access to archives and  sis systems in historical newspapers. To this end,
printed collections, resulting in labour-intensive ~ we conduct two experimental phases: first, using a
and geographically constrained workflows (Tworek,  heterogeneous manually curated corpus (/los7107)
2024). Since the early 2000s, systematic digiti-  for joint OCR and layout experimentation; and sec-
zation initiatives, such as those led by institutions ~ ond, introducing a structurally homogeneous cor-
like the National Library of Spain (BNE), have en-  pus dedicated to layout analysis in order to isolate
abled remote access to large newspaper repos-  the impact of layout regularity on segmentation per-
itories and facilitated computational analysis. In  formance. los107 (Miguez Lamanuzzi et al. (2025))
parallel, advances in Artificial Intelligence and Natu-  is @ manually curated corpus guided by philological
ral Language Processing have expanded research ~ and structural annotation criteria to ensure ground-
possibilities in Digital Humanities, with Large Lan-  truth consistency and reproducibility (Torterolo-Orta
guage Models supporting large-scale processing et al., 2025). Rather than prioritizing model compar-
of unstructured historical texts and enabling appli-  ison, OCR and layout architectures are employed
cations such as conversational heritage interfaces ~ as diagnostic instruments to examine how corpus
(Sergeev et al., 2025), sentiment analysis (Jaber  design, annotation coherence, and layout variabil-
et al., 2025), and automated image description ity affect computational performance. Key factors
(Garcia-Arias and Garcia-Serrano, 2025), as dis-  that influence system behaviour are systematically
cussed in recent work (Simons et al., 2025; Lastra- ~ analyzed. Moreover, domain adaptation is limited
Diaz et al., 2021). by the modest size of the annotated dataset, typo-
However, the effectiveness of these technologies ~ graphical heterogeneity and variable scan quality.
depends fundamentally on the quality and consis-  Together, both corpora provide complementary ex-
tency of the underlying corpora. Historical Spanish ~ Perimental conditions that allow us to analyze the
newspapers present specific challenges: degraded relationship between annotation quality, structural
scans, typographical variation, non-standard or-  Variability, and model behavior.
thography, multi-column layouts, advertisements, The remainder is organized as follows. Section 2
marginal notes, and irregular page structures. In  reviews previous work on OCR and layout analysis
such contexts, model performance is often con-  for historical document processing. Section 3 de-
strained not only by architectural design but by the  tails the motivation and construction of the corpora.
reliability and internal coherence of the annotated  Section 4 describes the experimental setup and
data used for training and evaluation. models used and subsequent subsections present
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preprocessing strategies and evaluation metrics
while section 5 discusses the experimental results.
Section 6 concludes with implications for corpus
design and future research directions.

2. Related Work

Optical Character Recognition (OCR) converts
scanned images into machine-readable text and
enables access to digital archives for research and
retrieval (Benavent et al., 2010). The accuracy of
OCR impacts research outcomes like authorship
attribution (Hill and Hengchen, 2019; Garcia Ser-
rano and Menta Garuz, 2022) and user satisfac-
tion in historical documents search (Kettunen et al.,
2022). Recent neural approaches have improved
transcription quality through automatic correction
and normalization (Fleischhacker et al., 2025). Col-
laborative tools like OCR4all and Impresso further
aid this by allowing human-machine interaction for
refinement (Dlring et al., 2024). Transformer archi-
tectures, such as TrOCR, have revolutionized OCR
by offering end-to-end transcription with a visual
encoder and textual decoder, achieving state-of-
the-art results on various datasets (Li et al., 2023;
Moreno-Sandoval et al., 2024; Bengio et al., 2013).

Digitizing historical Spanish newspapers poses
unique challenges due to varying scan quality, typo-
graphical diversity, and complex layouts (Sanchez-
Salido et al., 2023; Liebl and Burghardt, 2021).
While traditional OCR struggles with these issues,
deep learning (CNNs, RNNs) has enhanced ro-
bustness by learning visual patterns, though they
have limitations with long sequences and parallel
computing (Vaswani et al., 2017; Cho, 2014).

Alongside OCR, layout analysis ensures correct
reading order and semantic coherence by segment-
ing elements like columns and titles (Rezanezhad
et al., 2023). Early methods improved accuracy
by preserving page structure (Chen et al., 2017;
Alberti et al., 2017; Zhu et al., 2022). More recently,
object-detection frameworks like YOLO, specifically
DocLayoutYOLO models, treat structural regions
as visual objects, particularly for complex newspa-
per layouts (Zhao et al., 2024; Santos Junior et al.,
2025; Shen et al., 2021).

Several institutional digitization pipelines have
adopted a segmentation-first strategy, where layout
boxes are detected and normalized prior to OCR
transcription. For example, the Austrian National Li-
brary Labs project Esperanto Newspaper Excerpts
implements a workflow in which document regions
are first identified using object-detection models
before text recognition is applied, highlighting the
importance of structural preprocessing for histor-
ical newspapers (Austrian National Library Labs,
2024).

These advancements show a convergence of
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visual and linguistic modeling in document digitiza-
tion. However, their effectiveness hinges on high-
quality annotated corpora, which are lacking for
Spanish historical materials, motivating the creation
of the los101 corpus for this study’s experiments.

Nevertheless, while numerous studies evaluate
OCR and layout models, fewer works explicitly an-
alyze how corpus structural variability conditions
model behavior across tasks. This gap motivates
the dual-phase experimental design used in this
study.

3. The Need for a Quality Corpus

The experimentation is organized into two phases
as introduced in the following paragraphs.

Phase 1: OCR and Layout Experiments with a
Heterogeneous Corpus The first phase of this
study focused on evaluating OCR systems on his-
torical Spanish newspapers, using a classical ap-
proach with Tesseract, an open-source OCR en-
gine maintained by Google. Experiments were
conducted within the framework of the PastReader
2025 shared task (IberLEF)', which addressed au-
tomatic transcription of historical newspapers. The
PastReader corpus Montejo-Réez et al. (2025) con-
sists of over 12,000 scanned pages from eight het-
erogeneous publications encompassing cultural,
scientific, satirical, and literary genres. These ma-
terials exhibit diverse typographies, layouts, and
states of preservation, presenting a demanding
benchmark for OCR systems (view Figure 1).

(@)

Figure 1: Sample pages from the PastReader cor-
pus.

Two configurations of Tesseract were evaluated:

1. Baseline model (spa): the default Spanish
model (spa v5.3), used as an out-of-the-box

"https://sites.google.com/view/
pastreader2025


https://sites.google.com/view/pastreader2025
https://sites.google.com/view/pastreader2025

reference.

. Fine-tuned model (los101): adapted to the
PastReader training set using the tesstrain
utility. Fine-tuning follows Tesseract's LSTM-
based pipeline, requiring aligned pairs of text
line images and corresponding UTF-8 tran-
scriptions. Each training sample was seg-
mented line by line, that means that every line
needs to be defined by its line coordinates.

Evaluation used standard OCR metrics, in-
cluding Character Error Rate (CER), Word Error
Rate (WER), and semantic measures (BLEU and
ROUGE-L) (some details at subsection 4.1). Re-
sults showed that fine-tuning did not improve per-
formance: CER slightly increased from 0.36 to
0.38, and BLEU decreased marginally. Error anal-
ysis revealed that the heterogeneous annotations
and complex multi-column layouts hindered conver-
gence, particularly for pages with irregular typogra-
phy or line segmentation inconsistencies.

To overcome these limitations, a dedicated sub-
corpus with coherent annotations and controlled
ground truth were created, ensuring high-quality
data for subsequent experiments. From the Pas-
tReader dataset, 101 documents were carefully se-
lected based on qualitative analyses and manually
transcribed using the Transkribus platform, which
supports both textual transcription and structural
markup through regions, labels, and inter-region
relationships. The corpus (los707) was split into
80% training, 10% validation, and 10% test sets
Miguez Lamanuzzi et al. (2025).

Annotations followed a unified transcription guide
with a literal modernized approach, preserving
orthography while omitting purely paleographic
features (Miguez Lamanuzzi and Garcia Serrano,
2026). In other words, normalization targets graph-
ical variability without altering the underlying lin-
guistic content. Guidelines covered illegible text,
marginalia, footnotes, and structural segmentation
into paragraphs, headings, and other boxes. Inter-
region relationships, such as linking titles to text
bodies or images to captions, were included to cap-
ture reading order and document layout, supporting
multimodal OCR models (Miguez Lamanuzzi et al.,
2026).

Phase 2: Layout Analysis with a Homoge-
neous Corpus Despite its high-quality annota-
tions, los101 exhibits considerable layout hetero-
geneity, including variations in column structure,
typography, spacing, and overall visual organiza-
tion.

To investigate the impact of layout regularity, a
second corpus (layout-homogeneous) was con-
structed specifically for layout analysis. This cor-
pus consists of digitized pages from nine differ-
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Figure 2: Sample pages from the corpus. Each
image is from a different newspaper included in the
dataset.

ent newspapers, spanning diverse editorial styles
(see Figure 2). It was designed to exhibit more ho-
mogeneous page structures, with more consistent
column configurations and layout patterns across
samples Obispo et al. (2026). It contains layout
annotations only, as its purpose is to isolate the
effect of structural consistency on segmentation
performance rather than to evaluate OCR quality.

4. The Benchmark for OCR and
Layout Tasks

To evaluate the adequacy of the constructed cor-
pora, representative OCR and layout models were
employed as diagnostic tools rather than as pri-
mary research contributions. The selected sys-
tems, Tesseract, TrOCR, Granite, and DoclLay-
outYOLO, cover classical OCR, transformer-based
recognition, multimodal transcription, and object-
detection-based layout segmentation. This diver-
sity allows us to observe how corpus characteristics
influence performance across different architectural
paradigms.

Experiments were conducted in two phases re-
flecting the corpus design:

+ Phase 1: OCR and layout experiments on the



heterogeneous los101 corpus, containing both
text and structural annotations.

Phase 2: Layout-segmentation experiments
conducted independently on both corpus, us-
ing a specialized training configuration focused
solely on layout detection to isolate the impact
of structural regularity on segmentation perfor-
mance.

Each model requires a preprocessing pipeline
adapted to its architectural assumptions and in-
put constraints. Tesseract, as a classical OCR
engine, operates on TIFF images paired with
character-level annotations and generates interme-
diate training representations internally. TrOCR, a
transformer-based OCR model, processes JPEG
images aligned with their corresponding textual
transcriptions, following a sequence-to-sequence
learning paradigm. Granite, designed as a multi-
modal OCR system, requires images to be resized
proportionally and embedded within a fixed-size
canvas to preserve the aspect ratio and ensure
uniform input dimensions. In contrast, DocLayoutY-
OLO addresses layout segmentation and therefore
processes document images together with YOLO-
format structural annotations that encode bounding
box coordinates and region classes.

Although these preprocessing workflows differ
according to architectural design, all models are
integrated into a unified experimental framework
to guarantee methodological consistency and fair
comparison.

4.1.

To assess model behavior, we considered several
task-appropriate evaluation metrics. A broader
set of measures was explored in (Macicior Mitx-
elena, 2025) and the code was published on
GitHub (Jaione Macicior Mitxelena and Ana Garcia-
Serrano., 2026)); however, for the sake of clarity
and conciseness, this paper reports and discusses
only the most representative ones.

Regarding OCR subtask metrics, Character Er-
ror Rate (CER) (lower is better), complemented
by semantic metrics (BLEU and ROUGE-L) are
used. The metrics used for Layout Analysis sub-
task has to take into account segmentation and
classification accuracies. Segmentation accuracy
is measured using Intersection over Union (loU),
which quantifies the overlap between predicted and
ground-truth bounding boxes:

Evaluation Metrics

loU — Area of Intersection
"~ Area of Union

Classification performance is evaluated using
Precision and Recall, in order to get their harmonic
mean (F1-score) computed per region type.
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In addition, Mean Average Precision at loU
threshold 0.5 (MAP@0.5) and mAP@0.5:0.95
which averages the performance across multiple
loU thresholds (0.5-0.95) are considered. These
metrics provide a standard region-detection eval-
uation framework that jointly captures localization
and classification quality under varying levels.

Finally, to explicitly balance spatial and categori-
cal accuracy, we define a new metric: the compos-
ite layout score:

Scorejayout = - loU + (1 — ) - F1-score,

where a € [0,1] controls the relative weight of
localization versus classification. In this study, o =
0.75, prioritizing accurate spatial placement while
still accounting for correct region labeling.

4.2. Phase 1: Assesment of corpus
adaptation

To ensure methodological consistency, the same
experimental protocol was applied to the three OCR
models (Tesseract, TrOCR, and Granite). Follow-
ing the preprocessing procedures described, each
baseline model was fine-tuned using the training
split of the los101 corpus. Performance was then
evaluated on the corresponding train, val and test
sets, and results from the fine-tuned models were
systematically compared against their respective
baselines.

This controlled setup allows us to isolate and
measure the specific impact of corpus character-
istics on transcription performance. By maintain-
ing identical training and evaluation splits across
models, any observed variation between baseline
and fine-tuned configurations can be attributed
to the influence of the constructed corpus rather
than to differences in experimental design. This
comparison serves as a diagnostic mechanism to
assess how well the corpus supports adaptation
across distinct OCR architectures, including classi-
cal OCR (Tesseract), transformer-based sequence-
to-sequence recognition (TrOCR), and multimodal
transcription (Granite).

The initial layout detection and box classification
experiments were conducted on the heterogeneous
los101 corpus used a joint configuration that com-
bined layout detection and box classification. (view
Table 2).

Fine-tuning on the model DocLayoutYOLO model
was performed using a minimal configuration: 30
epochs, batch size of 2, no explicit data augmenta-
tion, no layer freezing, and no regularization beyond
default optimization parameters. Mixed precision
was disabled and validation was enabled, but the
training regime did not include any kind of data
augmentation or controlled convergence strategies.



Under this setup, the model was optimized jointly for
layout detection and box classification, thereby in-
creasing task complexity while operating on a struc-
turally heterogeneous corpus. The limited number
of epochs and absence of regularization mecha-
nisms likely exacerbated instability, particularly in
the presence of inconsistent page structures.

4.3. Phase 2: Assesment of layout
segmentation

As commented previously, in the second phase,
a controlled fine-tuning strategy on the model Do-
cLayoutYOLO was applied separately to both cor-
pora, los101 and layout-homogeneous, obtaining
the models los101_augment and per_augment re-
spectively.

To enhance the model’s robustness against dig-
itization artifacts, a geometric data augmenta-
tion strategy was applied, simulating real-world
document variability. This included small rota-
tions (+2.0°) and lateral shearing (2.0°) to replicate
page skew and binder-induced curvature, along-
side translation (0.1) and scaling (0.3) to account for
inconsistent margins. While mosaic augmentation
was utilized to improve image feature extraction
across multiple scales, it was strategically disabled
during the final 15 epochs. This de-augmentation
phase allowed the model to refine bounding box
precision on the original document distribution, en-
suring the final weights were optimized for the undis-
torted layouts of the target corpora.

The configuration was explicitly adapted to small-
data regimes and to isolate the effect of corpus
structure: training was restricted to layout detec-
tion only (box classification removed), the first 10
backbone layers were frozen to preserve low-level
visual priors, perspective distortion and flips were
disabled, and Mosaic Augmentation was enabled
for most epochs. Dropout (0.15), a learning rate of
0.001 with a 3-epoch warmup, and early stopping
(patience = 20) were also employed.

Early stopping was determined based on the de-
tection metrics MAP@0.5 (mean Average Precision
at loU threshold 0.5) and mAP@0.5:0.95 (average
mAP across multiple loU thresholds from 0.5 to
0.95 in steps of 0.05). These metrics reflect the
model’s detection precision and localization accu-
racy: mMAP@0.5 emphasizes correct object detec-
tion with moderate overlap, while mMAP@0.5:0.95
provides a stricter evaluation by averaging perfor-
mance over increasingly demanding loU thresh-
olds. Incorporating both metrics ensures the model
balances accurate box placement with reliable de-
tection confidence.

Despite the initially configured maximum of 300
training epochs, early stopping (patience = 20)
was triggered independently for each corpus, indi-
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cating that no further performance improvements
were observed beyond a certain number of epochs.
The stopping behavior suggests convergence of
the optimization process and stabilization of detec-
tion performance. For los101, training stopped at
epoch 138, with best performance at epoch 66:
mAPQ0.5 = 0.832, mAPQ0.5 : 0.95 = 0.424,
while for the second homogeneous corpus, training
stopped at epoch 138, with the best performance at
epoch 118: mAP@Q0.5 = 0.768, mAPQ0.5 : 0.95 =
0.469.

5. Reslults

Analysis results are described below.

5.1. Phase 1 results

Table 1 summarizes the results of the OCR ex-
periments on the heterogeneous los107 corpus.
The outcomes highlight the interplay between cor-
pus properties, model architecture, and fine-tuning
strategies. Tesseract achieves the lowest base-
line error rates (CER = 0.108), confirming its ro-
bustness in out-of-the-box scenarios. Interestingly,
fine-tuning Tesseract on los101 leads to a substan-
tial deterioration in performance, with CER more
than doubling. This negative impact reflects the
influence of heterogeneity in the training corpus:
inconsistent line segmentation, variable fonts, and
multiple column layouts introduce noise that dis-
rupts the LSTM training process. These results
emphasize that classical OCR engines rely heavily
on consistent annotations, and their performance
can degrade when exposed to heterogeneous his-
torical data, even if the corpus is relatively large.

Transformer-based TrOCR behaves differently.
Its baseline performance is comparatively poor
given its high error rate (CER = 0.996), largely due
to the small size of the training corpus relative to the
model’s capacity. Fine-tuning on los101 reduces
CER to 0.906, demonstrating that domain adapta-
tion can partially offset the initial lack of specializa-
tion. Although the absolute error rates remain high,
the positive delta shows that transformer-based
models benefit from exposure to domain-specific
samples, provided they are cleanly annotated. This
indicates that architectural flexibility allows adapta-
tion to historical document variability, albeit limited
by the dataset size.

Granite, the multimodal OCR model, maintains
intermediate error rates (CER ~ 0.29-0.30) across
baseline and fine-tuned versions. Fine-tuning
slightly increases CER, suggesting mild overfit-
ting to the small training set. Nevertheless, Gran-
ite demonstrates relative stability compared with
Tesseract and TrOCR, likely due to its ability to com-
bine visual and textual cues, which makes it more



Model Approach CER ACER BLEU ROUGE-L
Tesseract spa 0.1080 - 0.5998 0.8696
los101 0.2454 -127% 0.0505 0.4364
TrOCR baseline 0.9961 - 0.0000 0.0017
los101 0.9060 +9.0% 0.0000 0.0437
Granite baseline 0.2897 - 0.2577 0.6557
los101 0.3033 -4.7% 0.2495 0.6390

Table 1: OCR performance on the first phase with corpus los701 (test set). Relative changes (A) indicate

performance variation after fine-tuning.

Configuration loU F1 Composite
Baseline 0.3099 0.0000 0.2324
Fine-tuned 0.0000 0.0000 0.0000

Table 2: Layout segmentation and box classifica-
tion results of in Phase 1 on Jos1017 corpus on test
set using DocLayoutYOLO model.

resilient to typographic and layout variation.

Overall, the results in Table 1 highlight that cor-
pus heterogeneity strongly affects OCR perfor-
mance. Classical engines are highly sensitive to
inconsistent annotations, while transformer-based
models benefit from fine-tuning only when sufficient
clean data is available. Semantic metrics (BLEU
and ROUGE-L) reflect the same trends: Tesseract
declines sharply after fine-tuning, TrOCR shows
modest gains, and Granite remains relatively sta-
ble, demonstrating its resilience to layout and typo-
graphic variability. In summary, the los101 corpus
itself limits OCR quality, underscoring the need for
consistent annotations and controlled layouts. This
motivates the second experiment using a new cor-
pora of pages with more homogeneous features.

As far as the layout segmentation subtask is con-
cerned, the model failed to converge to stable spa-
tial representations (view Table 2). Intersection
over Union (loU) and F1 scores collapsed during
validation and testing, in some cases approaching
zero. Rather than improving segmentation qual-
ity, fine-tuning amplified instability, suggesting that
structural variability, multiple editorial formats, in-
consistent column structures and heterogeneous
box organizations introduced excessive noise into
the optimization process. These results indicate
that the interaction between corpus heterogeneity
and multi-task training limits reliable layout learning.

To complement the quantitative evaluation, a
qualitative analysis was conducted on the valida-
tion set, focusing on files that consistently ranked
among the lowest-performing across multiple met-
rics. The results show that errors are not driven by
a single dominant factor, but correlate with several
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recurring document characteristics. In particular,
performance degrades on low-quality scans (e.g.,
low contrast), non-standard layouts such as dia-
grams, and pages containing decorative or com-
plex typographic elements, all of which interfere
with text segmentation and recognition. Addition-
ally, pages with little or no textual content tend to
produce unstable outputs. These factors often co-
occur, making error attribution non-trivial. While
both baseline and fine-tuned models are affected,
the fine-tuned model shows increased sensitivity
to visually complex inputs. Overall, these findings
indicate that OCR performance is strongly condi-
tioned by visual and structural variability, which is
not captured by aggregate evaluation metrics.

5.2. Phase 2 resulis

The Phase 2 evaluation highlights the impact of
augmentation strategies (related to the image-
preprocessing) on layout detection performance
across the two corpora. The 10s101_augment
and per_augment consist of models obtained by
fine-tuning the baseline model with the los1071 and
the layout-homogeneus corpus respectively.

For the Jlos101 corpus (Table 3),
losl101_augment consistently achieves the
highest mean loU across all splits, indicating
improved spatial alignment of predicted boxes with
the ground truth. It also attains the best mAP50
and mAP50:95 in most splits, suggesting that
corpus-specific augmentations help the model
better detect and localize layout elements with
higher precision. The per_augment model
shows moderate improvement over the baseline in
detection metrics, but its mean loU remains slightly
lower, implying that augmentation strategies
designed for general layouts may not fully capture
corpus-specific structural patterns. The baseline
model maintains reasonable spatial overlap but
suffers from lower detection precision and recall,
as reflected by its lower mAP50 and mAP50:95.

For the layout-homogeneous corpus (Table 4),
per_augment clearly outperforms other models



Train Val Test
Model mean loU mAP50 mAP50:95 | mean loU mAP50 mAP50:95 | mean loU mAP50 mAP50:95
baseline 0.773 0.231 0.134 0.788 0.162 0.105 0.773 0.270 0.171
per_augment 0.720 0.293 0.136 0.722 0.283 0.130 0.726 0.362 0.172
los101_augment 0.799 0.696 0.464 0.745 0.596 0.361 0.747 0.545 0.305

Table 3: Phase 2 evaluation metrics for the los101 corpus.

Train Val Test
Model mean loU mAP50 mAP50:95 | mean loU mAP50 mAP50:95 | mean loU mAP50 mAP50:95
baseline 0.730 0.182 0.098 0.740 0.170 0.097 0.734 0.196 0.106
per_augment 0.841 0.755 0.560 0.810 0.652 0.436 0.804 0.554 0.370
los101_augment 0.749 0.589 0.331 0.769 0.447 0.261 0.741 0.592 0.324

Table 4: Phase 2 evaluation metrics for the layout-homogeneous corpus.

in all splits and metrics, achieving the highest mean
loU, mAP50, and mAP50:95. This result demon-
strates that layout-aware augmentations effectively
handle heterogeneous and complex newspaper
page structures, improving both box localization
and detection confidence. The 10s101_augment
model performs well but slightly lags behind
per_augment, particularly in mAP50:95, suggest-
ing that augmentations optimized for los7071 do not
generalize perfectly to different editorial formats.
The baseline model remains the weakest across
metrics, highlighting the necessity of data augmen-
tation for robust layout learning in highly variable
corpora.

To complement the quantitative evaluation, we
visualize model predictions in Figures 3 and 4.
Bounding boxes are colored according to detec-
tion confidence, allowing a quick assessment of
model certainty: green indicates high-confidence
predictions (conf > 0.9), orange represents mod-
erately high confidence (0.75 < conf < 0.9), yellow
corresponds to medium confidence (0.5 < conf <
0.75), and red highlights low-confidence predictions
(0.2 < conf < 0.5). This visual coding facilitates
the inspection of both spatial alignment and model
certainty across different corpora and augmenta-
tion strategies.

It can be observed that the baseline model gen-
erally produces fewer boxes with lower confidence
variation, often appearing predominantly green, re-
flecting a more conservative but consistent detec-
tion behavior. In contrast, the fine-tuned models
(per_augment and 1os101_augment show im-
proved detection coverage and spatial alignment,
but their predictions include a higher proportion
of orange, yellow, and red boxes. This indicates
that while the fine-tuned models are not inherently
worse, their confidence is more distributed, reflect-
ing increased sensitivity to diverse page structures
and the presence of more challenging layout ele-
ments.

(b) baseline

(c) per_augment (d) 1os101_augment

Figure 3: Visualization of layout detection results
in an example of the corpus los101 corpus.

5.3. Corpus adaptation discussion

Several key trends emerge from the evaluation
across both corpora, highlighting the impact of
augmentation and the nuances of detection perfor-
mance. Primarily, the use of augmentation strate-
gies leads to significant improvements in both mean
loU and mAP metrics. This demonstrates that such
techniques are highly effective in stabilizing layout
learning, likely by providing the model with a more
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(b) baseline

(d) 1os101_augment

(c) per_augment

Figure 4: Visualization of layout detection results
in an example of the new corpus.

diverse and robust set of spatial variations during
training.

The results also reveal a trade-off between spe-
cialization and generalization. Models optimized
for a specific corpus, such as 10s101_augment
for the los101 dataset, consistently achieve the
highest performance on their native data. However,
these gains do not always translate to other corpora,
suggesting that while corpus-specific optimization
maximizes local accuracy, it may limit the model’s
ability to generalize across different layout styles.

Furthermore, the performance discrepancy be-
tween mAP50 and mAP50:95 illustrates the com-
plexity of precise localization. The mAP50:95 val-
ues are consistently lower across all tests, reflecting
the increased difficulty of maintaining high precision
across stricter overlap thresholds. By evaluating
both spatial alignment through mean loU and detec-
tion precision through mAP metrics, a more com-
prehensive view of model performance is achieved.
This combined approach successfully reveals the
inherent trade-offs between achieving accurate box
placement and maintaining high overall detection
precision.
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6. Conclusions and Future Work

In this study of historical document processing, the
quality and structural regularity of the underlying
corpus are as critical as the choice of model archi-
tecture. Our experiments with los707 reveal that
high-quality, manually curated annotations alone
are insufficient to overcome extreme layout hetero-
geneity in classical OCR engines like Tesseract,
which suffered a performance drop of over 120%
in CER after fine-tuning.

Conversely, the second phase results indicate
that structural homogeneity significantly stabilizes
layout analysis. By using a corpus with consistent
column patterns and refined augmentation strate-
gies, we achieved a marked improvement in spa-
tial localization (mean loU) and detection precision
(mAP50). For the humanist researcher, this implies
that a smaller, structurally consistent dataset may
be more valuable for model training than a larger,
noisier, and highly variable collection. Finally, our
results suggest that multimodal models like Gran-
ite offer a more resilient middle ground, balancing
visual and textual cues to navigate the "noise" of
historical digitizations.

Future research will follow three primary direc-
tions. First, we intend to explore hybrid training
regimes that combine the structural regularity of
our second corpus with the linguistic richness of
los101, starting with simple layouts and gradually
introducing complexity. Second, we aim to imple-
ment automated layout normalization techniques
as a preprocessing step to reduce the "visual noise"
before it reaches the OCR engine.

Finally, we plan to expand the los101 corpus
to include a broader range of 19th-century scien-
tific journals, testing the generalizability of our ‘lit-
eral modernized” transcription approach. This will
also involve evaluating the impact of OCR errors
on downstream NLP tasks, such as Named Entity
Recognition (NER) and Topic Modeling, to quantify
exactly how much "annotation matters" for the final
historical analysis.
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