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Abstract 

This study addresses the methodological and epistemological implications of employing artificial 
intelligence in the study of severely damaged manuscripts, proposing a paradigm shift from 
traditional Handwritten Text Recognition (HTR) systems that fail under regimes of severe 
material degradation. Three reference computer vision architectures are compared on the 
multispectral MADAM dataset: object detection (Faster R-CNN), semantic segmentation (U-
Net), and instance segmentation (Mask R-CNN), evaluated on incremental training subsets 
ranging from 6 to 84 patches. Semantic segmentation outperforms both object detection and 
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instance segmentation across most metrics, achieving stable performance from 24 annotated 
patches; conversely, Faster R-CNN and Mask R-CNN architectures require larger datasets to 
avoid divergence during training (Carcagnì et al. 2026). However, U-Net encounters a structural 
limitation in case of thin or nearly transparent strokes where residual ink is insufficient to support 
segmentation; under such conditions, textual completion requires the expert’s judgment. This 
work, therefore, justifies a human-in-the-loop (HITL) approach in which algorithmic analytical 
capabilities and philological, linguistic, and semiotic expertise operate in a complementary 
manner throughout the entire recognition pipeline. A new hermeneutic paradigm, where the 
acronym AI alludes to a necessary collaboration between Artificial Intelligence and Artisan 
Intelligence – for the safeguarding of Artistic Intelligence of humankind. 

Keywords: Multispectral imaging; damaged manuscripts; semantic segmentation; deep learning; 
human-in-the-loop; interepistemic paradigm; AIUCD2025 

L’articolo affronta le implicazioni metodologiche ed epistemologiche dell’impiego dell’intelligenza artificiale nello 
studio di manoscritti storici gravemente danneggiati, proponendo un cambio di paradigma rispetto ai sistemi 
tradizionali di Handwritten Text Recognition (HTR), fallimentari in simili condizioni di analisi. Tre 
architetture di riferimento della computer vision sono messe a confronto sul dataset multispettrale MADAM: 
object detection (Faster R-CNN), segmentazione semantica (U-Net) e segmentazione di istanza (Mask R-
CNN), valutate su sottoinsiemi incrementali di addestramento da 6 a 84 patch. La segmentazione semantica 
supera l’object detection e la segmentazione di istanza secondo la maggior parte delle metriche utilizzate, 
raggiungendo prestazioni stabili a partire da 24 patch annotate; le architetture Faster R-CNN e Mask R-
CNN, per contro, richiedono dataset più ampi per evitare che l’addestramento risulti instabile ((Carcagnì et al., 
2026)). U-Net presenta tuttavia un limite nei tratti molto sottili o resi quasi trasparenti dal degrado, dove 
l’inchiostro residuo non è sufficiente a sostenere la classificazione del tratto; in tali condizioni, il completamento 
richiede il giudizio dell’esperto. La ricerca qui presentata propone un metodo human-in-the-loop in cui la capacità 
del modello e competenze filologiche, linguistiche e semiotiche operano in sinergia lungo l’intera pipeline di 
riconoscimento. Un nuovo paradigma di indagine, dove la sigla IA allude a una necessaria collaborazione tra 
Intelligenza Artificiale e Intelligenza Artigianale – per la salvaguardia dell’Intelligenza Artistica dell’umanità.  

Parole chiave: Imaging multispettrale; manoscritti degradati; segmentazione semantica; deep 
learning; human-in-the-loop; paradigma interepistemico; AIUCD2025 

1. Introduction 

“Manuscripts don’t burn” – so goes the famous quote uttered by the Devil-Woland in M.A. 
Bulgakov’s masterpiece The Master and Margarita (Bulgakov 1967, 316). Alluding to the eternal 
value of the Word as an expression of the self – and, fundamentally, to the eternal value of the 
literary word as an expression of the highest demands of civilization – this formula also appears 
to fit the material reality of manuscripts as concrete historical documents. “Rukopisi ne goryat”: 
the formula itself seems to imply a “superior” challenge to the volatile nature of the substrate 
primarily intended for writing – paper. At the same time, it suggests the idea of a Text as the 
result of successive stratifications that, for a correct semantic decoding, may require the 
intervention of complex semiotic and hermeneutic synergies. In this sense, the analysis of 
manuscripts emerges as a field of inquiry endowed with an unexpected heuristic power, defining 
itself “at the boundary” (Bakhtin 1999, 61) of multiple humanistic disciplines (philology, 
linguistics, semiotics, hermeneutics) in a renewed relationship with hard sciences (computer 
science, optical physics, material diagnostics).  
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Manuscripts represent one of the most vulnerable components of cultural heritage. Traumatic 
events or natural degradation processes – such as flooding, combustion, surface abrasions, or 
the wear of time – radically alter the physical surface of the artifact. In degraded manuscripts, 
the text is not necessarily destroyed in its physical form; rather, the progressive reduction of 
visible contrast between the graphic stroke and the material background renders the text difficult 
to decipher with the naked eye. The recovery of such witnesses therefore requires methodologies 
capable of operating on the threshold of textual legibility, extracting the latent graphic signal 
retained by the physical medium to bridge the gap between material preservation and textual 
interpretation.  

Over the last decade, non-invasive imaging methods, spanning from traditional multispectral 
imaging to recent thermal quasi-reflectography (TQR), have been used to capture data across 
the UV, VIS, and IR bands to uncover hidden information (Tonazzini et al. 2019; Perino et al. 
2024; Cimino et al. 2023). Machine learning models extract complex textual representations from 
large annotated datasets, shifting character recognition from deterministic template matching to 
generalized statistical learning (Wang, Xiao, and Li 2021; Singh, Rohilla, and Sharma 2025). 
Broader surveys of deep learning applications to historical document analysis (Lombardi and 
Marinai 2020) and of the datasets underpinning this research (Nikolaidou et al. 2022) confirm 
that binarization and dataset scarcity remain persistent bottlenecks across scripts and degradation 
profiles. The workflow has progressed from early convolutional neural networks (CNNs) 
optimized for isolated character segmentation (Liu et al. 2016) to advanced transformer-based 
architectures, such as TrOCR (Li et al. 2021) and HTR-VT (Li et al. 2024). However, while these 
modern frameworks accurately process entire lines of handwritten text, their high performance 
remains strictly conditional on the legibility of the initial graphic signal.  

Against this backdrop, a severely degraded manuscript introduces a radical domain shift from 
the clean datasets on which established software ecosystems and transcription platforms – such 
as Transkribus (Kahle et al. 2017), eScriptorium (Kiessling et al. 2019), and OCR4All (Reul et al. 
2019) – are trained. Optimized for highly legible scripts, uniform inks, and homogeneous 
backgrounds, these systems achieve state-of-the-art accuracy only within their native domain. 
When the substrate is heavily affected by visual noise, including tide lines and degradation 
residues, and the ink contrast drops drastically, they undergo a sudden, non-linear catastrophic 
failure. Despite recent advancements, AI models remain strictly dependent on domain-specific 
training data; when encountering unique, non-reproducible degradation profiles, neural 
networks lack the semantic and contextual inference that allows human experts to navigate 
illegibility. This interpretive gap carries precise methodological implications, which are 
extensively discussed later.  

Consequently, this domain shift necessitates the methodological repositioning proposed in this 
study, which occupies the intrinsically interdisciplinary crossroads of digital or computer-aided 
palaeography (Stokes 2009; Hassner et al. 2013). Within this framework, philological expertise 
lato sensu provides the necessary linguistic and historical context, diagnostic imaging uncovers 
visually obscured data, and machine learning processes the resulting high-dimensional datasets. 

This interdisciplinary synergy underpins the research conducted within the AIPAD (Artificial 
Intelligence and Physics for Art Diagnostics) project (Daffara et al. 2025) and, specifically, the 
development of the MADAM (Manuscript Annotated Dataset based on Multispectral Imaging) 
dataset (Carcagnì et al. 2026). This dataset leverages high-resolution multispectral stacks in the 
UV-VIS-IR, advanced imaging techniques in the Mid-IR (Cimino et al. 2023), and micro-
profilometry integration (Mazzocato, Cimino, and Daffara 2024) to benchmark diverse machine 
learning models on degraded materials. The most significant contribution represents the 
construction of a ground truth annotation at the individual character level, to support evaluation 
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of three computer vision paradigms based on the same material. Based on this implementation, 
this study argues that shifting the target from standard textual transcription to character-level 
instance segmentation reconfigures the annotation task itself. This approach evaluates various 
architectures that have previously seen limited application in the recognition of degraded 
handwritten text, while simultaneously and actively reintegrating philological expertise into the 
training and validation cycles.  

The remainder of this paper is structured as follows. Section 2 addresses the phenomenology of 
degradation from the perspective of text deciphering and the limitations of semantic inference. 
Section 3 translates these challenges into computer vision frameworks, discussing the limitations 
of traditional HTR and introducing object detection, semantic segmentation, and instance 
segmentation alternatives. Section 4 outlines the character-level annotation methodology and the 
constraints of the labeling taxonomy. Section 5 presents a proof-of-concept case study 
comparing three computer vision paradigms: object detection, semantic segmentation, and 
instance segmentation under conditions of severe data scarcity, and evaluates efficiency in terms 
of data scale across the different architectures. Section 6 provides a comprehensive discussion 
of the experimental results and architectural implications, while Section 7 concludes the paper 
by delineating future research directions. 

2. The challenge of degraded manuscript interpretation 

Computer-aided analysis of damaged manuscripts requires decoupling three layers: the material 
layer (the physical substrate and ink altered by degradation), the graphic layer (the visual system 
of strokes, ductus, and ligatures), and the textual layer (the underlying text sequence to be 
reconstructed). Physical decay propagates from the material to the graphic layer, resulting in 
fragmented strokes and structural noise caused by background degradation. To reconstruct the 
text, the human reader inherently combines bottom-up perceptual data (grapheme shapes) with 
top-down contextual knowledge (lexical and semantic expectations), bypassing the need for a 
clear visual signal (Rayner 1998; McClelland and Rumelhart 1981).  

Under severe degradation, top-down contextual constraints become the decisive factor in textual 
reconstruction; rather than linear reading, the human reader formulates probabilistic linguistic 
hypotheses based on residual stroke fragments and domain knowledge. However, this reliance 
on semantic inference presents structural limitations. When the visible graphic data is excessively 
truncated or ambiguous, the number of potential lexical candidates expands combinatorially, 
rendering the textual resolution undecidable. Furthermore, contextual inference exposes the 
reader to interpretive confirmation bias, where a dominant textual hypothesis is systematically 
prioritized over contrary physical evidence – a methodological vulnerability long recognized in 
critical text editing (van Lit 2019; Stokes 2009).  

In addition to contextual constraints, limitations in interpreting arise from the degradation of 
minimal distinctive geometric features – such as stems, loops, or diacritics – due to abrasions or 
severe contrast loss (Figure 1). This induces three primary classes of high-risk ambiguity: the loss 
of secondary cross-strokes, truncated vertical ascenders or descenders (where partial erosion 
misaligns otherwise distinct graphemes), and the disappearance of diacritics. Conversely, well-
preserved regions provide a localized dictionary of the author’s calligraphic variants, guiding the 
reader in text decoding.  
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Figure 1: Critical markers distinguishing structurally similar graphemes (e.g., closed loops for a/u, full 
vertical strokes for l/t, and stem and tittle for i/1 in 19th- and 20th-century cursives). Under optimal 

legibility, these high-frequency features provide sufficient visual redundancy; under severe degradation, 
however, they drop below the threshold of perceptual robustness. 

3. Bridging human perception and computer vision 

3.1. HTR state of the art and structural limitations 

Recent advancements in Handwritten Text Recognition (HTR) focus on line-level pipelines that 
integrate convolutional backbones for visual feature extraction with recurrent networks or 
transformers for sequential decoding, trained end-to-end via Connectionist Temporal 
Classification (CTC) loss or encoder-decoder schemes (Wang, Xiao, and Li 2021). Transcription 
platforms such as Transkribus (Kahle et al. 2017), eScriptorium (Kiessling et al. 2019), and 
OCR4All (Reul et al. 2019) leverage these architectures, while transformer-based models like 
TrOCR (Li et al. 2023) and HTR-VT (Li et al. 2024) deliver state-of-the-art accuracy, provided 
the input signal remains clear.  

However, when applied to severely degraded manuscripts, these sequential frameworks undergo 
a non-linear performance collapse due to the simultaneous failure of two architectural 
prerequisites: 

[1] Stroke-Substrate Separability. Visual feature extraction presupposes a homogeneous 

background. This condition is systematically violated on surfaces where degradation 

artifacts share optical and spectral properties with the ink stroke.  

[2] Feature Corruption. CTC loss (Graves et al. 2006) relies on a stable and informative 

feature distribution at each timestep to perform forward-backward alignment across 

the text line. Physical stroke fragmentation – abrasions, fading, structural lacunae – 

corrupts or removes this signal locally, degrading the alignment rather than the 

sequence structure itself.  

Consequently, interventions targeting only the sequential decoder remain ineffective, 
necessitating upstream solutions to restore the input signal. 
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3.2. Bounding-box constraints in object detection 

An alternative approach treats characters as discrete entities using object detection architectures 
like Faster R-CNN (Ren et al. 2017), YOLO (Redmon et al. 2016), SSD (Liu et al. 2016), or 
RetinaNet (Lin et al. 2017) to predict bounding boxes and class labels (Srivastava et al. 2021). 
Although Baena et al. (2024) recently repositioned object detection via Detection-based Text 
Line Recognition (DTLR) using synthetic pre-training, detection-based pipelines have 
historically been marginalized due to the challenge of isolating characters with ligatures without 
sequential context, alongside the high burden of character-level annotation.  

Furthermore, applying object detection to heavily damaged scripts presents a geometric 
limitation. An axis-aligned rectangular bounding box inherently encapsulates both the target 
grapheme stroke and its immediate local background. While this background is uniform in legible 
documents, in severely degraded manuscripts it contains complex visual noise, including tide 
lines, halos, and mold residues. The bounding box thus incorporates competing non-textual 
signals, leading to data ambiguity during training. This induces overfitting to specific background 
patterns, limits generalization, and propagates errors during inference, resulting in false positives 
on stains and false negatives on faint strokes. Mitigating this through dataset expansion is 
unfeasible due to the scarcity of comparable degradation profiles. 

3.3. Pixel-Level reformulation: semantic and instance segmentation 

To overcome bounding-box limitations, the unit of analysis can be shifted from the character-
object to the pixel level. Semantic segmentation (Long, Shelhamer, and Darrell 2015; 
Ronneberger, Fischer, and Brox 2015; Chen et al. 2018) assigns a class label to every pixel, 
classifying it as either ink stroke or substrate. Instance segmentation (He et al. 2017; Kirillov et 
al. 2020; Chen et al. 2019) adds an investigative layer by treating each character as an independent 
instance defined by its own precise mask, bounding box, and class. CNN-based pixel 
classification is well established in document binarization, where classic thresholding methods 
(Otsu 1979; Sauvola and Pietikäinen 2000) have been progressively superseded by fully 
convolutional and encoder-decoder architectures trained end-to-end on pixel-wise ground truth 
(Tensmeyer and Martinez 2017; He and Schomaker 2019; Dhali, de Wit, and Schomaker 2026), 
including variants specifically adapted to multispectral inputs (Hollaus, Brenner, and Sablatnig 
2019). While CNN-based segmentation is established in document binarization and text line 
extraction (Kiessling et al. 2019; Pratikakis et al. 2018; Ntirogiannis, Gatos, and Pratikakis 2014), 
its use for simultaneous ink isolation and character recognition on highly degraded surfaces 
remains unaddressed.  

This pixel-wise approach decomposes the recognition task into two distinct sub-problems: 

[1] Ink-Substrate Separation. A low-level binary task governed by physical and optical 

features, such as local contrast, absorbance, and multi-spectral profiles across the UV-

VIS-NIR bands.  

[2] Character Classification. A fine-grained categorical assignment task. 

Semantic segmentation isolates the ink stroke to output a clean binary mask, reverting the 
workflow to standard HTR pipelines and enabling transfer learning from legible corpora. 
Conversely, instance segmentation addresses both sub-problems jointly; it isolates the ink from 
the background noise and classifies each grapheme as an autonomous unit, operating 
independently of line-level stroke continuity. 
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4. An innovative paradigm for text annotation: from traditional 

OCR and HTR to instance semantic segmentation 

Traditional annotation for training Optical Character Recognition (OCR) and Handwritten Text 
Recognition (HTR) systems relies on plain text transcriptions, digitizing text line by line and 
occasionally incorporating layout information. However, no further data is given about single 
ink strokes, whether it be their position on the page or their exact shape. This approach performs 
greatly when faced with well-preserved manuscripts but proves inadequate as a ground truth for 
the MADAM dataset (Carcagnì et al. 2026) and the objectives of the AIPAD project (Daffara et 
al. 2025). To maximize information density, this study adopts character-level instance 
segmentation utilizing pixel-wise masks and categorical classes.  

A linguist with expertise in text semiotics manually annotated a high-resolution multispectral 
stack of 18 pages from the dataset (for a total of 108 contrast enhanced patches) using a digital 
drawing pad and the open-source platform Label Studio. The result was a set of pixel-accurate 
masks replicating the exact shape of each ink stroke, sorted into specific labelling classes. This 
instance segmentation ground truth inherently encompasses the other analytical approaches: it 
provides binary masks (separating ink from substrate noise) for semantic segmentation, and 
categorization via bounding boxes for object detection. This unified annotation framework 
enables the unbiased experimental comparison presented in Section 5. Although instance 
segmentation is highly resource-intensive, it represents the optimal methodology for complex, 
severely degraded manuscripts where standard line-level HTR models fail due to compromised 
substrate and ink conditions.  

4.1. Labelling class system 

To adopt the most effective labelling system to annotate the dataset, classes to be used were 
defined by physicists and computer vision specialists in synergy with experts in textual semiotic 
and linguistic analysis. Each letter (both capital and small), each figure, each punctuation mark, 
each ordinal indicator was annotated as a single stand-alone class (Maheswari et al. 2024), 
resulting in almost 80 possible labels tailored on the Italian manuscript used as case study. Across 
the full corpus, 16,078 character instances were annotated (11,953 for training, 2,331 for 
validation, and 1,794 for testing), distributed over these 80 classes with a markedly long-tailed 
distribution: the most frequent classes (e.g., ‘.’, ‘a’, ‘I’, ‘o’) present hundreds of occurrences, while 
several rare classes (e.g., ‘w’, ‘x’, ‘H’) are represented by a single annotated occurrence. It should 
be noted that to increase the model’s ability to recognize ink strokes, colon, semicolon and the 
letter “i” were broken down into their components – dot and comma, stem and tittle respectively 
– as cases in which only one of the elements is readable aren’t rare. 

Additionally, a specific class was introduced to isolate all other ink strokes: graphic elements 
such as dashes after a full stop or lines separating items in lists, as well as unreadable, not uniquely 
identified characters. Creating a dedicated class for these additional or ambiguous cases is vital 
to prevent mismatches in the stroke-to-character correspondence during model training.  

Particular attention was paid to ligatures and cursive script variations, where a single grapheme 
assumes different shapes based on its relative position and adjacent characters. Annotating 
ligatures as intrinsic components of the characters, preserving their differentiation, ensures a 
larger sample of variations within the dataset and increases the model’s capability to generalize 
during the process of deciphering inputs, thus mitigating the challenges posed by handwriting 
irregularities.  
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More specifically, two distinct annotation levels were created, one “actual”, reproducing solely 
the physically visible ink, the other one “reconstructed”; in the latter, minor gaps in ink stroke 
continuity were restored (e.g., closing letters) and characters rendered nearly transparent by 
degradation were annotated. Nonetheless, in both annotation levels wider lacunae representing 
missing letters or words were left unfilled, ensuring maximum adherence to the physical signal 
extracted via multispectral imaging. All interpretative decisions regarding the translation 
dimension of a transcription (Stevens and Burg 1997) – whether they concern text normalization, 
layout, or editorial intervention (e.g., modernizing spelling, expanding abbreviations, reporting 
inaccuracies) – were excluded at this stage. These reconstructions are deferred to a subsequent 
workflow phase of the project, where lexical and contextual coherence is restored through a 
collaborative human-machine framework coupling linguistic semiotic expertise with a Large 
Language Model (LLM) trained to maximize its multimodal semantic potential, following recent 
precedents in the linguistic and contextual restoration of lacunose ancient texts (Assael et al. 
2022; Assael et al. 2025).  

5. Proof-of-concept on a 20th-century damaged manuscript  

The case study focuses on samples from an early 20th-century handwritten notebook severely 

compromised by flooding events. The industrial paper substrate exhibits the signs typical of this 

degradation, consisting mainly of structural damage in the form of planar distortion at different 

scales (from warping and buckling to localized cockling), differential ink fading, and a dense 

layering of tide lines and mold stains that alter surface reflectance. This makes the handwritten 

text illegible to the naked eye, causing standard OCR and HTR engines operating in the visible 

range to fail.  

To overcome these limitations, the proposed methodology couples AI processing with 

multispectral data acquisition, thus enabling an analysis in the physical domain based on the 

distinct spectral signatures of the materials. While UV imaging is sensitive to the surface features 

and IR imaging probes subsurface layers, the combination of these techniques, integrated with 

thermal quasi-reflectography (TQR) imaging (Cimino et al. 2023), aims to maximize the 

information extracted from the layered manuscript.  

Specifically, in the presented case study, the pipeline exploits the dataset MADAM (Carcagnì et 

al. 2026) of the AIPAD Project (Daffara et al. 2025), which includes multispectral patches of 

degraded manuscripts acquired with the Phase One imaging platform in the UV-VIS-NIR range 

(19 bands, up to 1 micron). Manual annotation was performed on the 660 nm band (Figure 2), 

where the contrast between ink and paper substrate is maximized. Because the multispectral 

stack is spatially registered, the geometric metadata defined at 660 nm can be re-projected across 

all the bands.  

Every single visible character was segmented and classified; partially damaged or indecipherable 

characters were labelled into a special class. The resulting instance map isolates the ink signal 

from background noise, organizing it into discrete textual units.  
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(a) RGB

(b) 660 nm 

Figure 2: Exemplary patch from the severely damaged 20th-century notebook: (a) RGB VIS image; (b) 
660 nm band image. The handwriting, illegible to the naked eye in the RGB VIS image, is rendered 

partially detectable through the multispectral imaging technique. 

 

5.1. Annotation scheme 

The annotation scheme was designed to enable automatic derivation of ground truth in three 
distinct formats, one for each of the architectural families being compared. Figure 3 (a) depicts 
the output of multi-class instance segmentation with pixel-wise masks: the mask colours 
correspond to character classes, showing the isolation of the stroke from the substrate by tracing 
its exact shape. Figure 3 (b) shows the same patch annotated with rectangular bounding boxes, 
required by object detection: the inclusion of large regions of degraded substrate within each 
bounding box constitutes an uncontrollable source of noise during the training phase. Figure 3 
(c) shows the binarized mask required by semantic segmentation, where each pixel is labelled as 
either ink stroke or substrate. 

(a) Multi-class pixel-wise instance annotations 
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(b) Bounding box annotations 

(c) Binary mask 

Figure 3: The three ground truth formats automatically derived from the same instance annotation: (a) 
multi-class pixel-wise instance masks, in which different colours correspond to different character 

categories and follow the morphology of the stroke; (b) axis-aligned bounding boxes for object detection, 
which enclose each character together with a surrounding portion of the degraded substrate; (c) binary 

mask for semantic segmentation, in which each pixel is labelled as either ink stroke or background. 

 

5.2. Data-scale efficiency analysis  

The performance evaluation of the segmentation and detection models employs standard 
metrics: mean Average Precision (mAP), Intersection over Union (IoU), Recall, Precision, and 
the Dice coefficient for pixel-wise verification. The philological accuracy of the recovered text 
remains subject to expert qualitative review, distinct from segmentation quality.  

The evaluated architectures are Faster R-CNN (Ren et al. 2017) for object detection, U-Net 
(Ronneberger, Fischer, and Brox 2015) for semantic segmentation, and Mask R-CNN (He et al. 
2017) for instance segmentation. All models were trained on a single NVIDIA RTX 3090 Ti 
GPU (24 GB VRAM). Input images were used at their native resolution of 3584×960 px, without 
downscaling, to preserve the fine strokes of individual characters. Rather than fixing a uniform 
batch size across architectures, the largest batch size that fit in GPU memory was determined 
independently for each model via an empirical probe, including a worst-case validation-time pass, 
yielding batch sizes of 27 for Faster R-CNN, 2 for Mask R-CNN, and 1 for U-Net. Gradient 
accumulation was applied on top of these, over 2 steps for Faster R-CNN and Mask R-CNN, 
and over 4 steps for U-Net, giving effective batch sizes of 54, 4, and 4, respectively. Training 
patches were augmented with random contrast and brightness jitter. The learning rate for Adam 

optimization was scaled linearly with each model’s actual effective batch size, yielding 6.75×10⁻⁴, 
5.0×10⁻⁵, and 5.0×10⁻⁵ for Faster R-CNN, Mask R-CNN, and U-Net, respectively. All models 
used a plateau-based learning-rate scheduler tracking validation performance (mAP for the two 
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detection models, Dice for U-Net). Training stopped early after 30 (Faster R-CNN), 25 (Mask 
R-CNN), or 20 (U-Net) epochs without improvement, subject to a minimum-epoch floor 
(50/40/20 respectively) to avoid premature termination during the flat initial plateau in 
validation mAP/Dice characteristic of this fine-grained, small-object task. The seed was set to 
42 for reproducibility. 

Faster R-CNN and Mask R-CNN both rely on a ResNet-50 backbone within a Feature Pyramid 
Network, pretrained on ImageNet and COCO, respectively; U-Net, by contrast, is a compact 
four-level encoder-decoder trained from scratch, with a single-channel output mapping each 
pixel to ink or substrate.  

The dataset consists of 18 multispectral pages, from which the 660 nm band was selected for 
subsequent analysis; six patches were cropped from each page, yielding a total of 108 patches, 
divided into 84 for training (14 pages), 12 for validation (2 pages), and 12 for testing (2 pages), 
using a page-level split to avoid data leakage. Each architecture was trained on incremental 

subsets of N ∈ {6, 12, 24, 36, 48, 60, 72, 84} patches, to characterize behaviour under varying 
data constraints.  

As shown in Figure 4, U-Net reaches its performance plateau with few patches, whereas Faster 
R-CNN and Mask R-CNN require more examples before converging. This difference is 
consistent with the fact that, for a given annotated image, semantic segmentation provides 
several training examples on the order of the number of pixels in the patch. In contrast, object 
detection provides one example per annotated object: the ratio between the two regimes spans 
several orders of magnitude, leading to different saturation levels on the learning curve. 

Figure 4: Learning curves and data efficiency analysis as a function of training set size N. 

Table 1 reports the performance of the three models obtained at the maximum training set size 
considered, i.e., at N = 84 patches. The evaluation of these absolute values is subordinate to the 
qualitative comparison among the three approaches, which is the primary focus: specifically, the 
behaviour of each model in discriminating between the ink stroke and the substrate. 

Model IoU Precision Recall Dice mAP@50 
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Faster R-CNN (object 
detection) 

0.253 0.707 0.275 - 0.195 

U-Net (semantic segmentation) 0.440 0.541 0.701 0.611 - 

Mask R-CNN (instance 
segmentation) 

0.237 0.628 0.276 0.383 0.116 

Table 1: Performance comparison of the three selected architectures at maximum training volume (84 
patches of the MADAM dataset, evaluated on an independent test set of 12 patches). Average values 

represent precision and recall computed at the character/region level. Faster R-CNN, U-Net, and Mask 
R-CNN represent the object detection, semantic segmentation, and instance segmentation regimes, 

respectively. The evaluation is purely qualitative, focusing on a structural comparison of architectural 
frameworks rather than absolute performance. 

With the same dataset, the semantic segmentation model (U-Net) achieves an IoU exceeding 
44%, whereas object detection yields incomparably low mAP values, remaining far below 
operational utility. The pixel-wise approach effectively separates the stroke from the background, 
whereas the bounding-box approach fails to generalize (Figure 5).  

False negatives occur in areas compromised by stains and sediments, where the algorithm fails 
to detect characters with broken strokes or highly similar strokes. False positives occur when the 
bounding box incorporates the degraded background, leading the network to mistake stains or 
abrasions for characters during training. The tests confirm that a pixel-level loss function is 
sufficient to separate the ink from the background in a stable, reliable manner. 

(a) Ground truth 

(b) Predictions 

Figure 5: Result of the Faster R-CNN architecture on degraded text. Manual annotation (ground truth) 
(a), the predictions (b). The image shows how textural noise and the ambiguity caused by graphically 
similar characters mislead the model, leading to obvious false negatives (ignored characters) and false 

positives (spots mistaken lines). 
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Figure 6 shows a highly degraded manuscript region, the corresponding reference manual 
annotation, and the U-Net predictive output. We observe that where the ink stroke thins or its 
spectral signature blends with the flooded support, the network disrupts the binary classification, 
producing a mask with discontinuities within a single character and between adjacent characters. 
This behaviour highlights the limitations of the purely neural approach. Full pipeline 
effectiveness requires a human-in-the-loop (HITL) regime (Holzinger 2016, Wu et al. 2022), in 
which expert intervention occurs during the refinement of masks, by reconstructing the 
continuity of missing strokes and during final validation, facilitating the downstream use of 
conventional HTR systems through transfer learning from legible handwritten text. This 
integrated pipeline will be the subject of subsequent publications. 

(a) 660 nm 

(b) Ground truth 

(c) Predictions 

Figure 6: Qualitative analysis of pixel-wise segmentation (U-Net) on highly degraded text segments. (a) 
660 nm image, (b) manually annotated ground-truth mask, (c) model-predicted mask. Note the severe 

fragmentation in the prediction at the faded features, compared to the continuity operated by the expert 
linguist based on their deductions. 

Figure 7 illustrates the Mask R-CNN output on a representative patch of the manuscript, 
showing the 660 nm image, the instance-level ground truth, and the model prediction, with 
masks, bounding boxes, and confidence scores. In legible regions (e.g., the word “Ruolino” at 
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the center), predictions achieve high scores (0.90–1.00) and the masks overlap closely with the 
ground truth. In partially compromised regions, scores vary widely (0.30–0.90) and masks are 
less faithful to the contours. In regions of severe degradation, both false positives on substrate 
residues and false negatives on weak strokes are observed. This behaviour demonstrates the 
inadequacy of standard instance segmentation architectures when operating on small datasets in 
highly degraded contexts. 

(a) 660 nm 

(b) Ground truth 

(c) Predictions 

Figure 7: Qualitative analysis of instance segmentation (Mask R-CNN) on a damaged manuscript: (a) 660 
nm image, (b) annotated ground truth, (c) predicted instances. 

6. Discussion  

The results demonstrate that semantic segmentation outperforms both object detection and 

instance segmentation under data-scarcity conditions. The optimal learning rate varies according 

to the training set size, with the three architectures exhibiting distinct responses. Notably, U-Net 

reaches stable performance already with few patches, as is observed consistently across the 

metrics.  
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To avoid training divergence, Faster R-CNN requires a reduced learning rate. This requirement 

stems from the bounding box, which, by construction, includes wide portions of degraded 

substrate; thus, the model struggles to discriminate text from high-variability noise on a reduced 

dataset. Convergence is slower and reaches lower Recall and IoU values (Table 1).  

Mask R-CNN occupies an intermediate position. While its detection module inherits sensitivity 

to degraded substrates, its segmentation component introduces a pixel-wise loss that partially 

mitigates these effects. The model achieves high Precision, but lowers IoU, Recall and Dice 

values than U-Net, indicating that while individual character localization is accurate, the 

generated masks are less faithful to the actual contour of the stroke.  

Qualitatively, U-Net shows a superior robustness, reaching acceptable performance at reduced 

training set sizes. It effectively captures the fine morphological details of the stroke where the 

physical signal is sufficiently consistent, facilitating the subsequent stage of textual interpretation. 

A possible extension for future research is the use of generative frameworks, such as Generative 

Adversarial Networks (GANs) and diffusion models for reconstructing missing strokes, in line 

with recent work in digital heritage restoration (Cao et al. 2020; Zhao et al. 2025). However, this 

direction requires significantly larger datasets than those currently available in MADAM and 

introduces a distinct epistemological boundary: generative networks propose statistically 

plausible completions but cannot verify the historical accuracy of the text. Consequently, the 

final validation stage of the recognition pipeline strictly requires the intervention of a human 

expert – a philologist or palaeographer – to critically confirm the absolute correctness of the 

decoding process. Within this human-in-the-loop workflow, the model generates statistical 

proposals, while the expert retains final interpretive authority, suggesting a new reading of the 

“AI” paradigm through unprecedented interrelations between the applicative power of Artificial 

Intelligence and the philological practice of an “Artisan Intelligence”, in the aim of safeguarding 

the Artistic Intelligence of humankind. 

7.  Conclusion and future directions  

This study addresses handwritten text recognition in severely damaged manuscripts, configuring 
the task as a signal extraction problem under data scarcity. Utilizing the MADAM dataset, built 
according to an instance-based annotation scheme, three machine learning architectures (object 
detection, semantic segmentation, and instance segmentation) have been compared. The 
experimental results demonstrate that semantic segmentation, and U-Net in particular, reaches 
acceptable performance at reduced training scales, whereas object detection and instance 
segmentation architectures require larger datasets.  

Future research will progress in two main areas. First, the MADAM dataset will be expanded 
with new case studies and will include scripts in multiple alphabets, such as Cyrillic. Second, on 
the algorithmic side, the multi-stage pipeline will be refined to include stroke extraction followed 
by a transcription stage applied to the binarized signal. Special emphasis will be placed on 
implementing transfer learning from pre-trained HTR models.  

In conclusion, the methodological comparison of these computational frameworks carried out 
in a context characterised by data scarcity and high variability shows the structural limitations of 
each approach. The integration of philological expertise into the human-in-the-loop pipeline is 
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not a provisional solution awaiting more powerful models; rather, it constitutes the definitive 
methodological structure required in the analysis of degraded manuscript heritage. 
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