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Abstract

This thesis addresses the problem of document segmentation under limited data con-

ditions, focusing on industrial and historical documents. Document layout analysis

is essential for converting unstructured visual information into machine-readable for-

mats, supporting applications ranging from industrial automation to cultural heritage

preservation. However, real-world scenarios often involve scarce annotated data and

high variability in document layouts, which challenges traditional segmentation ap-

proaches that rely on large labeled datasets. To overcome these limitations, this thesis

explores transfer learning and few-shot learning strategies, supported by the creation

of two novel datasets specifically designed for industrial and historical documents.

A comprehensive analysis of low-resource document layout segmentation highlights

how annotation scarcity and structural diversity affect model generalization. Exten-

sive experiments demonstrate that domain-specific pre-training enhances performance

more effectively than generic large-scale pre-training, while a novel few-shot learning

framework achieves accurate segmentation using only a small number of annotated

examples. The proposed methods also exhibit strong cross-domain generalization, ad-

dressing the challenges posed by variability and low-resource scenarios. Overall, the

thesis shows that effective document segmentation can be achieved with minimal anno-

tation effort, bridging the gap between theoretical advances and real-world applications

and contributing to both industrial efficiency and cultural heritage preservation.
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1
Introduction

1.1 Image Segmentation in Computer Vision

Image segmentation is one of the core problems in computer vision, as it seeks to

partition an image into coherent and meaningful regions that correspond to objects

or structural elements. Unlike image classification, where the task is to assign a sin-

gle label to the entire image, or object detection, which localizes entities by placing

bounding boxes around them, segmentation works at a much finer level of detail. In

fact, each pixel in the image is assigned a label, producing a dense prediction that

precisely outlines the boundaries of objects and separates them from their surround-

ings. This pixel-level representation provides a richer and more informative description

of the scene, making segmentation an indispensable tool in applications that demand

accurate localization, precise boundary information, or structural interpretation.

From a formal perspective, image segmentation can be defined as the problem of

classifying each pixel in an image according to one or more criteria, which can be

semantic, structural, or contextual. Depending on the type of information required,

segmentation tasks are commonly grouped into three major categories: semantic, in-

stance, and panoptic segmentation [43] (Fig. 1.1).

Semantic segmentation aims at associating every pixel with a semantic category,

grouping together all pixels that belong to the same type of object or region. The

outcome is a partition of the image into homogeneous semantic areas, without distinc-

tion between different occurrences of the same class. As an example, in Fig. 1.1(b), all

surfboards are represented as belonging to the same category, while other pixels are



2 Chapter 1 — Introduction

(a) Image (b) Semantic Segmentation

(c) Instance Segmentation (d) Panoptic Segmentation

Figure 1.1: Example of the three main image segmentation tasks: (a) input image, (b)
semantic segmentation, (c) instance segmentation, and (d) panoptic segmentation.

labeled as background or floor.

Instance segmentation builds upon this idea by adding the capability to distinguish

individual objects of the same class. Instead of merging them into a single semantic

region, each occurrence is segmented separately, thus producing object-level masks

enriched with class labels. In Fig. 1.1(c), the four surfboards are identified not only as

“surfboard” but also as four distinct entities, each isolated with its own mask.

Panoptic segmentation represents a more recent paradigm that unifies the previous

two approaches. It provides per-pixel labels that encode both semantic categories

and instance-level information, delivering a holistic and coherent representation of the

scene. As shown in Fig. 1.1(d), panoptic segmentation does not simply classify pixels

as surfboards, floor, or background, but also differentiates between each surfboard

individually. This type of segmentation is particularly valuable in domains where a

high degree of perceptual detail and scene understanding is required, such as robotics,

autonomous driving, and architectural analysis, where both the nature of the objects
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and their individuality are equally important.

The study of segmentation has a long history in image analysis. Early approaches

relied on low-level cues such as color, texture, or intensity, and employed techniques

like thresholding, region growing, clustering, or watershed algorithms [72]. While these

approaches were computationally efficient and interpretable, they struggled in complex

scenes with cluttered backgrounds, varying illumination, or occlusion, and they lacked

the ability to capture semantic meaning.

A major breakthrough came with learning-based approaches. Initially, machine

learning models such as random forests or support vector machines were applied to

handcrafted features, offering improved robustness in specific domains. However, these

methods still relied heavily on human-designed descriptors, which limited their ability

to generalize across diverse visual scenarios.

With the advent of deep learning, segmentation reached an entirely new level of

accuracy and flexibility [52]. Convolutional Neural Networks introduced the ability

to learn hierarchical feature representations directly from raw data, eliminating the

need for manual feature engineering. Architectures such as Fully Convolutional Net-

works demonstrated that dense per-pixel predictions could be generated efficiently by

adapting classification networks into fully convolutional forms. Later, encoder–decoder

designs such as U-Net [61] and SegNet [5] further improved localization by combining

low-level spatial details with high-level semantic understanding.

More recently, advances in attention mechanisms and transformer-based architec-

tures have pushed the boundaries even further, enabling models to capture long-range

dependencies and global context, which are essential in complex scenes [42]. Com-

bined with large annotated datasets and powerful GPUs, deep segmentation models

now achieve unprecedented levels of performance. Nevertheless, this progress comes at

a cost: the reliance on massive amounts of labeled data, high computational demands,

and the difficulty of transferring models to new domains remain significant challenges.

The applications of segmentation are vast and span multiple domains (Fig. 1.2).

In medical imaging, it is employed for tasks such as tumor detection [3] and organ de-

lineation [54], providing clinicians with precise structural information. In autonomous

driving, semantic segmentation enables vehicles to build a detailed understanding of

road environments by identifying lanes, pedestrians, and traffic signs at the pixel

level [69], thereby supporting safe navigation. In industrial settings, segmentation

is often used for anomaly detection [62, 7], where defects such as cracks, scratches, or
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1.2 Document Layout Analysis

Document Image Analysis (DIA) is a broad research field within computer vision and

pattern recognition that focuses on the automatic interpretation of documents in their

various forms [48]. Its ultimate goal is to convert unstructured or semi-structured vi-

sual representations, such as scanned pages, handwritten notes, historical manuscripts,

forms, or technical drawings, into structured and machine-readable information. By

doing so, DIA enables a wide range of applications, from digital preservation and in-

formation retrieval to workflow automation and semantic content analysis.

The scope of DIA is intentionally wide, encompassing tasks at different levels of

abstraction. At the lowest level, DIA includes image enhancement and preprocessing

operations, such as binarization [63] and noise removal [38], which prepare document

images for subsequent processing stages. At an intermediate level, it involves seg-

mentation and structural analysis, in which the physical and logical organization of a

document is extracted. This includes tasks such as page segmentation [25], text line

segmentation [75], table recognition [34], and layout understanding [48]. Finally, at

the highest level, DIA addresses semantic interpretation, involving Optical Charac-

ter Recognition (OCR) [55], automatic text transcription [32], and writer identifica-

tion [56].

Historically, document analysis has been closely tied to the development of OCR

systems. Early research in the field was driven by the need to digitize printed text

efficiently and reliably. However, over the years, its scope has expanded to include

complex documents characterized by heterogeneous layouts, handwritten annotations,

diagrams, mathematical formulas, and graphical elements. Modern DIA methods must

therefore integrate computer vision, machine learning, and natural language processing

to address this variety.

The importance of DIA extends across several domains. In industry, it supports the

automation of document-intensive processes, such as invoice management, form pro-

cessing, and quality-control reporting. In cultural heritage, it enables the systematic

digitization, transcription, and study of historical manuscripts and archival records,

providing new opportunities for scholars in the digital humanities. In legal, adminis-

trative, and educational contexts, DIA ensures faster access to information, reduces

manual workload, and increases compliance and traceability. Despite the diversity of

these use cases, a common challenge persists: documents encountered in the real world
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advanced analysis. Figure 1.3 illustrates a visual example for each task that comprises

the DLA.

Page segmentation (Fig. 1.3(a)) partitions a document page into distinct layout

components, such as main body text, titles, figures, tables, marginalia, decorations,

or background. The goal is to separate semantically meaningful regions that fulfill

different communicative roles within the document. Accurate page segmentation is

essential, as it provides structural context for other analytical processes. In this thesis,

we specifically address the task of page segmentation.

Text line segmentation (Fig. 1.3(b)) identifies and segments individual lines of text.

This task is crucial for OCR and automatic transcription. In printed documents, where

the structure is regular and well-aligned, text line extraction is largely solved. Hand-

written sources, however, pose significant challenges: lines may be curved or slanted,

characters may overlap across lines, and additional material such as marginal glosses,

annotations, or decorative ornaments can obscure clear separation. Sophisticated mod-

els are therefore required to handle both local variations in handwriting and global

layout irregularities [2, 76].

Finally, baseline detection (Fig.1.3(c)) identifies the virtual line on which the char-

acters of a text rest, with ascenders extending above and descenders below. This infor-

mation provides a structural reference that supports precise character alignment, word

segmentation, and transcription, which are critical for accurate text recognition [30].

The importance of document segmentation spans both modern and historical con-

texts. The modern category includes a broad spectrum of contemporary materials,

ranging from industrial records and administrative forms to business reports, invoices,

technical schematics, and digitally generated layouts, whose structure and content

vary widely across domains. Within industrial environments, in particular, organi-

zations produce large volumes of semi-structured documents such as inspection re-

ports, production logs, forms, and technical drawings, whose manual processing is

both costly and error-prone. Automating layout segmentation accelerates digitization

workflows, enhances compliance and traceability, and reduces reliance on human in-

tervention. However, industrial documents often feature highly heterogeneous layouts,

mixing handwritten and printed text, stamps, signatures, and annotations, which pose

unique segmentation challenges. Conversely, historical manuscripts represent a radi-

cally different but equally demanding scenario. These artifacts, often centuries old,

exhibit non-standardized layouts: annotations in the margins, interwoven text and il-
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lustrations, decorative borders, and a wide range of handwriting styles. In addition,

degradation caused by fading ink, bleed-through, or page warping makes segmenta-

tion particularly complex. Yet, accurate layout analysis is fundamental for the digital

humanities, as it enables systematic study, transcription, and preservation of cultural

heritage.

Although modern industrial and historical documents differ substantially in form

and purpose, they share important challenges: variability, noise, and the lack of large

annotated datasets. In both contexts, segmentation is not an end in itself but rather a

gateway to broader goals: workflow automation in industry and enhanced accessibility

of knowledge in the humanities. This dual perspective highlights the need for robust

and adaptable DLA methods, capable of generalizing across diverse document types

and use cases.

1.3 Challenges of Limited Data Conditions

One of the most critical challenges in DLA, and in particular in page segmentation,

is the scarcity of annotated training data. Unlike large-scale natural image datasets,

which can contain millions of labeled examples across diverse categories, document

datasets, especially in industrial or historical contexts, rarely reach such scale. Pro-

ducing pixel-level ground truth is an expensive and labor-intensive task, often requiring

expert knowledge to ensure precision in delineating regions of interest.

The lack of sufficient annotated data has several consequences. Models trained on

small datasets are prone to overfitting, achieving good performance on the training

set but generalizing poorly to unseen documents. Domain variability exacerbates the

problem: industrial forms may differ drastically across organizations and even across

years within the same company, while historical manuscripts exhibit wide variation in

script styles, page layouts, and degradation patterns. Domain shifts are therefore the

norm rather than the exception, meaning that a model optimized for one dataset may

fail when applied to another.

These challenges underscore the need for methods that can learn effectively in

low-data regimes. Transfer learning, by leveraging knowledge from large-scale vision

datasets, provides a practical way to bootstrap model performance with minimal super-

vision. Few-shot learning pushes this paradigm further, aiming to generalize from only

a handful of annotated examples. Complementary approaches such as domain adap-
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tation, semi-supervised learning, and data augmentation provide additional means to

mitigate domain variability and compensate for annotation scarcity. Addressing these

issues is not only a theoretical necessity but also a practical requirement for deploy-

ing DLA systems in real-world scenarios. For this reason, the development of robust

methodologies for Page Segmentation under limited data conditions constitutes the

central research direction of this thesis.

1.4 Contributions and Thesis Organization

This thesis addresses the problem of document image segmentation under limited data

conditions, with an emphasis on both industrial and historical documents. The main

contributions can be summarized as follows:

• A systematic analysis of the challenges encountered in low-data regimes, high-

lighting the specific issues of variability, and annotation scarcity in document

layout segmentation.

• The creation of two novel datasets specifically designed for document layout anal-

ysis: one composed of industrial documents and one of historical handwritten

manuscripts, both publicly released to support further research in the field.

• A comprehensive evaluation of transfer learning strategies, investigating how

models pre-trained on large-scale natural image datasets can be adapted to the

document domain.

• The design of a few-shot learning approach for document layout segmentation,

demonstrating how accurate results can be achieved with only a few annotated

samples.

• Experimental validation on a diverse set of datasets, including both industrial

documentation and historical manuscripts, ensuring that the proposed methods

generalize across contexts and are applicable in real word scenarios.

By pursuing these objectives, the thesis aims to bridge the gap between the data

requirements of modern deep learning methods and the practical constraints of docu-

ment collections. The results are expected to contribute to both industrial automation
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and cultural heritage preservation, offering solutions that are technically effective and

broadly relevant.

The remainder of the thesis is organized as follows. Chapter 2 surveys prior work on

image segmentation and document layout analysis. Chapter 3 introduces the industrial

and historical datasets used throughout the study, and discusses the common challenges

they pose. Chapter 4 investigates the impact of transfer learning on document seg-

mentation, while Chapter 5 presents a novel few-shot framework that integrates deep

semantic models with traditional image processing. Finally, Chapter 6 summarizes the

main findings and outlines directions for future research.







2
Related Works

Ongoing efforts to enhance the accuracy of image segmentation systems have produced

a variety of powerful deep learning models and frameworks, suitable for a broad range

of applications. This chapter provides a brief overview of the most notable of these

systems, focusing in particular on those developed for document layout segmentation.

2.1 General Purpose Semantic Segmentation

Over the last decade, deep learning has profoundly transformed the field of semantic

segmentation, enabling models to learn rich hierarchical and contextual representations

and produce high-resolution dense predictions. General-purpose semantic segmentation

architectures are designed to operate effectively across diverse datasets and scenarios,

balancing accuracy, efficiency, and scalability. Several review studies are available in

the literature that analyze semantic segmentation models, highlighting its applications

across multiple domains [53, 71]. Among the numerous segmentation models proposed,

some of the most notable architectures are described below, and they are also employed

in experiments presented in this thesis.

Fully Convolutional Networks (FCNs) [49] represent the foundational deep learn-

ing approach to semantic segmentation. FCNs replace fully connected layers with

fully convolutional layers, allowing dense predictions on images of arbitrary size. They

follow an encoder-decoder paradigm: the encoder extracts hierarchical feature maps,

while the decoder restores spatial resolution through upsampling layers and learned

deconvolution filters. Skip connections propagate fine spatial details from shallow lay-
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ers to deeper semantic representations, improving localization accuracy and boundary

delineation. FCNs established the basic principles of end-to-end learning for pixel-

wise prediction, inspiring subsequent architectures focused on multi-scale context and

refinement.

Building upon the need for global contextual reasoning, the Pyramid Scene Parsing

Network (PSPNet) [73] introduced a Pyramid Pooling Module that captures informa-

tion from multiple spatial scales. Using a ResNet backbone, PSPNet first extracts

hierarchical features and then enriches them by pooling from progressively coarser spa-

tial regions, integrating both local and global context. The decoder refines these feature

maps through convolutional layers to produce high-resolution segmentation outputs,

demonstrating the importance of multi-scale contextual aggregation for complex scenes.

The DeepLab family of models represents another influential line of research in

semantic segmentation. DeepLabV3 [15] improves upon earlier DeepLab versions by

introducing Atrous Spatial Pyramid Pooling (ASPP), which combines multiple par-

allel atrous (dilated) convolutions with different dilation rates to capture multi-scale

contextual information efficiently. By using atrous convolutions, DeepLabV3 preserves

high-resolution feature maps while enlarging the receptive field, allowing the network

to incorporate both local and global context without losing spatial detail. Unlike pre-

vious versions, DeepLabV3 does not initially rely on an explicit decoder, focusing on

enriching encoder features with multi-scale context before producing the segmentation

map, which improves accuracy especially in large objects and complex scenes.

DeepLabV3+ [16] represents the latest iteration, introduced by Google in 2018, of

the DeepLab framework series of segmentation models. The success of this model is

attributed to a set of architectural choices, some inherited from its predecessors, such

as atrous convolution and ASPP, and others representing a departure, notably the

addition of a lightweight decoder module. This decoder upsamples encoder outputs

and integrates lower-level feature maps to refine object boundaries and spatial details.

By combining multi-scale context with precise boundary reconstruction, DeepLabV3+

achieves state-of-the-art performance in general-purpose semantic segmentation.

For applications demanding computational efficiency, the Lite Reduced Atrous Spa-

tial Pyramid Pooling (LRASPP) [36] offers a lightweight alternative to ASPP-based

architectures. By simplifying the multi-scale pooling operations and reducing the num-

ber of parameters, LRASPP maintains competitive accuracy while enabling real-time

inference, making it particularly suitable for mobile or embedded systems.
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2.2 Document Layout Segmentation

Semantic segmentation in the context of document layout analysis, commonly referred

to as document layout segmentation, presents unique challenges compared to general-

purpose semantic segmentation, particularly when the documents of interest are hand-

written. Several surveys have been conducted on DLA tasks for both historical and

contemporary documents, including printed and handwritten materials [8, 50]. How-

ever, solutions specifically targeting handwritten documents remain relatively scarce.

Page segmentation, which is the focus of this thesis, remains an open problem within

the machine learning community. The techniques developed for this task are generally

classified into three categories: top-down, bottom-up, and hybrid approaches [8].

Top-down approaches assume that pages have a well-defined structure and layout.

The page segmentation process starts from the whole page and cuts it into homoge-

neous zones. In these methods, various characteristics of the document page structure

are considered, such as white space between text regions, size of text blocks and the

measures between main texts and paratexts [18, 4, 19]. In general, the top-down meth-

ods are easily applicable but not suitable for complex layouts such as handwritten

historical documents. In addition, these methods depend on the layout structure of

the document, so they have a low generalization capability.

The bottom-up strategy derives document analysis dynamically from smaller gran-

ularity data levels, such as pixels, groups of pixels and connected components, to gener-

ate larger and different regions with uniform elements [51, 50, 41]. The main advantage

of bottom-up methods is that these techniques do not require any prior knowledge of

the document layout structure, and, for this reason, this strategy is preferred when

working with manuscripts. However, usually, these techniques demand many labeled

data that is often not available, especially in the domain of historical documents where

highly specialized expertise is needed. That is why the request for methods with few-

shot and unsupervised learning is increasingly necessary and required.

Although research for this task is well established, there are still many challenging

issues that neither bottom-up nor top-down strategies can adequately address. For this

reason, a strategy has been identified that derives from the integration of the other two

main ones, called the hybrid strategy [6, 68, 44].

Over the years, many techniques have been used to address the page segmentation

task. Recently, BinMakhashen and Mahmoud [9] proposed a learning-free and hybrid
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document layout analysis for manuscripts. First, the proposed method locates the

main content initially using top-down white space analysis. Then, it extracts template

features representing the manuscripts author’s writing behavior. After that, moving

windows are used to scan the manuscript page and define main-content boundaries

more precisely. Chen et al. [12] used a convolutional autoencoder to learn the features

directly from the pixel intensity values and train a Support Vector Machine (SVM) to

segment the page without any assumption of specific shapes of document layouts. A

similar approach was proposed by Mehri et al. [51] with the method based on learn-

ing texture features. This method for extracting texture features from images uses

the linear iterative clustering of super-pixels, Gabor descriptors and the co-occurrence

matrix of the gray level. Then an SVM is used to classify pixels into foreground and

background. The page segmentation problem can approach as a pixel labeling problem

such as the work by Chen et al. [11], where the features are learned directly from ran-

domly selected image patches by using stacked convolutional autoencoders. With an

SVM trained with the extracted features of the central pixels of the super-pixels, an

image is segmented into semantic regions. Finally, the segmentation results are refined

by a connected components-based smoothing procedure. Following the same idea, in

Chen et al. [13] local features are learned with stacked convolutional autoencoders

in an unsupervised manner for the purpose of initial labeling. Then a conditional

random field model is applied for modeling the contextual information to improve the

segmentation results. More recent, Jo et al. [40] present a method that separates hand-

written and machine-printed components even when they overlap in documents, using

a U-Net trained in an end-to-end manner. Their approach avoids conventional prepro-

cessing and connected-component extraction, employs a cross-entropy–based loss to

handle class imbalance, and relies on a novel data synthesis method to generate realis-

tic overlapping training samples. Another interesting approach was proposed by Xu et

al. [70] with a Multi-task Layout Analysis framework (MLA) to solve all layout anal-

ysis tasks simultaneously for the layout analysis of historical handwritten documents,

which established the current state of the art in this research field. The model trains

a multi-task fully convolutional network to predict pixel-wise classes and as the final

step a heuristic-based post-processing is adopted to reduce noise and correct misclas-

sification. The prediction of the four branches was combined to produce the result of

layout analysis tasks. Tran et al. [68] proposed a hybrid method for page segmentation

problems. In the first stage, the text and non-text elements are classified by using a
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minimum homogeneity algorithm which is the combination of connected component

analysis and multilevel homogeneity structure. Then, in the second stage, a new ho-

mogeneity structure is combined with an adaptive mathematical morphology in the

text document to get a set of text regions. Davoudi et al. [20] proposed a novel method

for document layout analysis that reduces the need for labeled data. This method is

a dictionary-based feature learning model where a sparse autoencoder is first trained

in an unsupervised manner on a document’s image patch. Then, the latent represen-

tation of image patches is then used to classify pixels into various region categories of

the document using a feed-forward neural network. Also, Alaasam et al. [1] used the

patching of the document image to train a siamese network model that takes an input

a pair of patches and gives as an output a distance that corresponds to their similarity.

The trained model is also used to calculate a distance matrix which in turn is used

to cluster the patches of a page as either main text, side text or a background patch.

Studer et al. [65]tackle the problem of the limited presence of annotated data by intro-

ducing the use of pre-trained segmentation models on images from a different domain

and then fine-tuning them on handwritten documents. The results demonstrated that

on some manuscripts pre-training on ImageNet increases the performance, but on oth-

ers, the pre-trained network performs much worse. Also Droby et al. [31] try to tackle

the problem of the limited presence of ground truth by presenting an unsupervised

deep learning method for page segmentation. In this work a Siamese neural network is

trained to differentiate between patches using their measurable properties such as the

number of foreground pixels so that spatially nearby patches are similar. The network’s

learned features are used for page segmentation. Finally, Tarride et al. [66] propose

the few-shot learning approach Deep&Syntax to segment handwritten registers. Their

work uses a hybrid system that exploits recurring patterns to delimit each record, com-

bining U-shaped networks and logical rules such as filter and text alignment. While

the presented approaches have different degrees of effectiveness when trying to solve

the document layout segmentation task, they all rely on large amounts of data for their

training.





3
Datasets and Challenges

This chapter provides a comprehensive overview of the datasets employed in this thesis,

covering both industrial and historical document collections. Each dataset presents

unique characteristics and challenges, reflecting the diversity of real-world document

types and the complexity of their layouts.

For the experiments conducted in this thesis, two datasets were specifically cre-

ated: TobaccoSeg and U-DIADS-Bib. In particular the U-DIADS-Bib dataset [77] was

developed through a collaborative effort between humanities scholars and computer sci-

entists, combining domain expertise with methodological innovation. Alongside these

newly developed datasets, the experimental evaluation also makes use of several well-

established resources from the literature, which complement our datasets and provide

additional variability and benchmarking opportunities.

In addition to presenting these datasets, this chapter also highlights the common

challenges encountered in document layout analysis. Understanding these challenges is

essential for contextualizing the experiments and motivating the choices made in the

design of models and evaluation strategies presented in the following chapters.

The topics addressed in this chapter, including the creation of the datasets and their

methodological foundations, have been the subject of the following publications: [77,

78].
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3.1 Industrial Dataset

Modern industries generate a vast amount of documentation on a daily basis, includ-

ing quality control reports, production records, safety checklists, and maintenance logs.

This constant flow of documents is crucial for ensuring regulatory compliance, support-

ing decision-making processes, and maintaining overall operational efficiency. As a re-

sult, even medium-sized companies can accumulate extensive archives of heterogeneous,

mixed-format documents that must be processed, stored, and analyzed efficiently.

Industrial documents such as forms, invoices, logs, and production notes represent

a significant challenge for document image segmentation. A common characteristic of

these materials is the coexistence of printed templates with handwritten entries, often

filled in by operators directly on the shop floor. Consequently, the documents are not

only noisy, affected by handwriting variability, smudges, stains, and scanning artifacts,

but also structurally complex, frequently combining tables, free-text notes, stamps,

and annotations in irregular layouts. In many cases, operators are required to tran-

scribe information manually into paper forms, which are later digitized and integrated

into other digital systems. This multi-step process increases the risk of transcrip-

tion errors and inefficiencies, further underlining the need for automated segmentation

and information extraction. Automating document segmentation and information ex-

traction can drastically reduce time and costs while improving data reliability. More

importantly, structured and accurately segmented data unlocks strategic opportuni-

ties: from production traceability and predictive maintenance to process optimization.

Thus, automation not only addresses operational inefficiencies but also enables ad-

vanced data-driven decision-making and long-term competitiveness.

Despite the relevance of industrial documentation, there is a striking lack of publicly

available datasets for layout analysis in this domain. Most companies manage large

proprietary repositories, but confidentiality and intellectual property concerns prevent

their release. The few existing datasets of real industrial documents are limited and

are usually labeled for other tasks, such as classification.

Even when available internally, industrial datasets are difficult to exploit: they of-

ten suffer from inconsistent annotations, incomplete labeling, or heterogeneous formats.

Moreover, unlike general-purpose document collections, they typically contain sensitive

data, such as proprietary processes, supplier contracts, or safety incidents, making pub-

lic release highly restricted. The scarcity of standardized benchmarks forces researchers
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dation for the creation of the TobaccoSeg dataset, which is introduced in the following

section. Unlike the original dataset, which is mainly employed for classification tasks

at the document level, TobaccoSeg was specifically designed with a focus on layout

segmentation in real industrial documents.

3.1.1 TobaccoSeg dataset

The TobaccoSeg dataset consists of 50 manually segmented images derived from the

Tobacco-3482 dataset [45]. The original Tobacco-3482 dataset contains 3,482 single-

page document images, each labeled as one of ten categories: Advertisement, Email,

Form, Letter, Memo, News, Note, Report, Resume, and Scientific. These images were

sampled from the IIT Complex Document Information Processing Test Collection,

which in turn sources its documents from the Truth Tobacco Industry Documents

(TTID)1. The TTID is a large collection of internal documents from major US tobacco

companies, released as part of legal settlements [46]. Documents in the TTID have

one or multiple manual category annotations that include the ten categories used in

Tobacco-3482. The primary task associated with Tobacco-3482 dataset is document

classification.

Segmentation analysis

For the creation of TobaccoSeg, we selected 50 images containing handwritten anno-

tations and prepared them for the task of document layout segmentation. In many

industrial workflows, operators are required to fill in printed forms and tables by hand,

and these handwritten inputs must later be digitized in order to be analyzed and inte-

grated with other digital data sources. The TobaccoSeg dataset was designed to reflect

this real-world challenge, focusing on the coexistence of printed and handwritten ele-

ments within the same page layout. Common use cases include pre-printed forms and

tables annotated manually by operators, as well as financial statements or reports en-

riched with handwritten notes in the margins. The segmentation of these handwritten

parts represents the first step toward automatic transcription into digital text, thus

reducing the time required for information acquisition.

Based on these considerations, we defined three segmentation classes:

1https://www.industrydocuments.ucsf.edu/tobacco/

https://www.industrydocuments.ucsf.edu/tobacco/
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• Handwritten: includes all manually written elements, such as text, signatures,

numbers, underlines, and checkmarks.

• Printed: includes any machine-printed content, such as text, forms, tables, logos,

and other printed elements.

• Background: covers the background of the page and any visible outline in the

scanned image.

Ground truth construction

The annotation and creation of the Ground Truth (GT) masks for TobaccoSeg were

performed manually. As previously noted, manual annotation of images is a highly

time-consuming task. Consequently, since our goal was to produce a dataset with

a large number of annotated pages, pixel-precise segmentation, and minimal, if any,

noise, we followed the segmentation pipeline originally proposed for the creation of the

U-DIADS-Bib dataset [77], as described in Section 3.2.1, with some modifications.

First, a subset of 10 images per manuscript was selected and binarized using the

Sauvola thresholding technique [63] combined with morphological operators, providing

an initial basis for annotation. These images were then manually segmented at the pixel

level, using different colors to represent only the text and background classes. In this

initial step, the two segmentation classes were merged into a single class called “Text”,

in order to obtain a less detailed but well-defined segmentation across the entire dataset

with minimal noise. The next step involved training a machine learning model on these

subsets and their corresponding ground truths to generate a coarse segmentation of the

entire dataset. For this purpose, we followed the framework proposed in [24], which

implements a few-shot, pixel-precise document layout segmentation method with high

performance. Finally, the remaining semantic class (Handwritten) was introduced, and

all ground truth masks were carefully refined and corrected by comparing them to the

original images. It is important to note that, although the process is computer-aided,

the final result is always verified and defined manually, ensuring accuracy and avoiding

potential biases or errors in the dataset.

As a result, all document pages in the TobaccoSeg dataset have GTmasks annotated

with three semantic classes: Handwritten, Printed, and Background. Each pixel within

a document image is labeled according to its corresponding content type, ensuring that

the dataset provides a precise and unambiguous representation of the layout structure.



24 Chapter 3 — Datasets and Challenges

Classes Background Printed Handwritten
% 91.33 6.75 1.92

Table 3.1: Classes distribution (%) for TobaccoSeg dataset.

The annotations are encoded using specific RGB values to clearly distinguish between

the three classes, allowing both human interpreters and automated algorithms to reli-

ably identify the different regions. The RGB encoding scheme for the three classes is

as follows:

• Background: RGB(255, 255, 255), white.

• Printed: RGB(255, 0, 255), magenta.

• Handwritten: RGB(0, 255, 0), lime.

Examples of pages from the dataset, along with their corresponding GT masks, are

illustrated in Fig. 3.1. The dataset is divided into 10 images for training, 10 for

validation, and 30 for testing. As shown in Table 3.1, TobaccoSeg is characterized by a

significant imbalance among the different layout classes, which makes the segmentation

task particularly challenging.

Benchmarking and training setup

To analyze our data and provide a benchmark for future studies, we selected five pop-

ular deep-learning-based semantic segmentation approaches: FCN [49], Lite Reduced

Atrous Spatial Pyramid Pooling (LRASPP) [36], DeepLabV3 [15], its enhanced version

DeepLabV3+ [16], and Pyramid Scene Parsing Network (PSPNet) [73].

All models were trained using the same configuration: the Adam optimizer with a

learning rate of 10−3 and a weight decay of 10−5. Training proceeded for a maximum

of 200 epochs with an early stopping mechanism, which monitors the validation loss

and halts training if no improvement occurs over 20 consecutive epochs. To ensure

that the models undergo a minimum number of iterations and reduce the risk of early

convergence to local minima, a buffer of 50 epochs was introduced. All models em-

ploy a ResNet34 backbone, except for LRASPP, which uses the MobileNetV3-Large

architecture.
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Dataset
Metric

(weight/macro)
Backbone

FCN [49] LRSAPP [36] DeepLabV3 [15] DeepLabV3+ [16] PSPNET [73]

TobaccoSeg

Precision 0.955/0.678 0.941/0.615 0.945/0.612 0.956/0.647 0.942/0.615
Recall 0.933/0.854 0.908/0.652 0.909/0.855 0.955/0.869 0.899/0.835
IoU 0.897/0.623 0.868/0.481 0.868/0.558 0.905/0.626 0.859/0.527

F1-Score 0.940/0.751 0.917/0.585 0.922/0.684 0.945/0.747 0.915/0.651

Table 3.2: Weighted average and macro average performance of the different semantic
segmentation models chosen tested on TobaccoSeg dataset. The best-performing re-
sults are shown in bold.

Given the high imbalance between semantic classes in the dataset, we adopted a

weighted cross-entropy loss function (Eq. 3.1), where the weight for each class is in-

versely proportional to its frequency (Fi) within the corresponding manuscript. This

weighting scheme encourages the models to focus on under-represented classes, miti-

gating the effects of class imbalance:

Wi =

√

1

Fi

(3.1)

Evaluation metrics

The performance of the semantic segmentation tasks is evaluated using Precision, Re-

call, Intersection over Union (IoU), and F1-Score. The definitions of these metrics are

reported in Eqs. 3.2–3.5, where TP, FP, and FN denote True Positives, False Positives,

and False Negatives, respectively:

Precision =
TP

TP + FP
(3.2)

Recall =
TP

TP + FN
(3.3)

IoU =
TP

TP + FP + FN
(3.4)

F1-Score =
2× Precision× Recall

Precision + Recall
(3.5)

For each metric, a weighted average is computed based on the class distribution in

TobaccoSeg. In addition, the macro average is also reported, which treats all segmen-

tation classes as equally important.
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3.2 Historical Datasets

In recent years, interest in cultural heritage has also been growing within the IT commu-

nity. Collaboration between computer scientists and humanities scholars is becoming

increasingly prominent, fostering interdisciplinary approaches that enrich both fields.

For computer scientists, these collaborations provide access to complex cultural her-

itage data, which can be analyzed using advanced computational methods to uncover

patterns, structures, and relationships that may not be immediately apparent. For

humanities scholars, the involvement of IT experts significantly streamlines research

processes, automating labor-intensive tasks and enabling new kinds of analyses that

would be impractical to perform manually. This symbiotic relationship is contribut-

ing to a more nuanced and efficient exploration of cultural heritage, bridging the gap

between traditional scholarship and modern technological tools.

One of the activities that humanities scholars are particularly interested in is the

identification of both the logical and physical structure of documents, as well as their

organization. This process is essential for understanding the contents of a manuscript

in depth, as it allows researchers to detect structural patterns, segment meaningful

units, and trace connections between different works of the same genre or period. The

task often involves highlighting and extracting specific sets of elements, such as head-

ings, paragraphs, tables, illustrations, marginalia, or annotations. In the field of IT,

this activity is commonly referred to as document layout segmentation, and it encom-

passes techniques for automatically detecting and classifying various components of

a document, often using image processing, pattern recognition, and machine learning

methods. By bridging the gap between visual representation and semantic understand-

ing, document layout segmentation plays a crucial role in enabling both automated

analysis and enhanced human interpretation of cultural heritage materials.

In the experiments presented in the following chapters, we relied on several his-

torical datasets, namely the U-DIADS-Bib dataset [77], DIVA-HisDB [64], and the

Arabic dataset by Bukhari et al. [10]. While the last two datasets are well-established

resources in the literature, U-DIADS-Bib was created as part of this research and de-

veloped through close collaboration with humanities scholars, ensuring both historical

accuracy and methodological rigor. All three datasets are employed in our experimen-

tal evaluation, each contributing different challenges and characteristics relevant to the

tasks addressed in this thesis.
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(a) Latin 2 (b) Latin 14396 (c) Latin 16746 (d) Syriaque 341

(e) Latin 2, GT (f) Latin 14396, GT (g) Latin 16746, GT (h) Syriaque 341, GT

Figure 3.3: Images showing a page of each manuscript ( 3.3a– 3.3d) of U-DIADS-Bib
dataset as well as its corresponding ground truth mask (3.3e– 3.3h), in which each
color represents a different semantic class of the document layout.

3.2.1 U-DIADS-Bib

Uniud - Document Image Analysis DataSet - Bible version (U-DIADS-Bib) [77] is

composed of 200 images, 50 for each of the 4 different manuscripts that characterize

it. These handwritten books were selected in collaboration with humanities scholars

partners considering both the complexity of their layout and the presence of signifi-

cant and semantically distinguishable elements. In particular, the images of the four

manuscripts were collected from the French digital library Gallica2. All manuscripts

are Latin and Syriac Bibles published between the 6th and 12th centuries A.D. which

2https://gallica.bnf.fr

https://gallica.bnf.fr
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will be briefly described hereafter:

• Paris, Bibliothèque nationale de France, Latin 23. The manuscript, known as the

Second Bible of Charles the Bald, was produced between A.D. 871 and 877 at

the Abbey of Saint-Amand (Haute-France); it was kept in the Abbey of Saint-

Denis between A.D. 877 and 1595 and later transferred to the Royal Library of

France. It is composed of 444 parchment pages and the layout is structured in

two columns.

• Paris, Bibliothèque nationale de France, Latin 143964. The manuscript was pro-

duced between A.D. 1145 and 1150 in the Abbey of Saint-Victor (Paris). It

contains the biblical text from the Book of Ezra to the Book of Revelation and it

is probably the final part of a three-volume Bible; this codex, known as Genesis-

Kings, is the first volume. The manuscript is composed of 170 parchment pages

and the layout is structured in two columns.

• Paris, Bibliothèque nationale de France, Latin 167465. The manuscript was pro-

duced between A.D. 1170 and 1190 at the Abbey of Saint Bertin (Pas-de-Calais).

It contains the New Testament and it is the final part of a four-volume Bible

(Paris, Bibliothèque nationale de France Latin 16743-16746). The Bible had

been kept for a long time in the Capuchin convent of Saint-Honoré, in Paris. The

manuscript is composed of 176 parchment pages and the layout is structured in

two columns.

• Paris, Bibliothèque nationale de France, Syriaque 3416. The manuscript was

produced between the 6th and 7th centuries A.D. probably in the Monastery of

Baquqa in Iraq. It contains the Old Testament in the Syriac Peshitta version and

portions of the New Testament. The manuscript is composed of 256 parchment

and paper pages, and the layout is structured in three columns.

For the dataset, we selected a representative set of 50 pages from each manuscript.

Fig. 3.3 illustrates some examples of the defined GT and corresponding original image

for each manuscript of the U-DIADS-Bib. Each selected pixel is marked by a color

that symbolizes the corresponding content type.

3https://gallica.bnf.fr/ark:/12148/btv1b8452767n
4https://gallica.bnf.fr/ark:/12148/btv1b84429190
5https://gallica.bnf.fr/ark:/12148/btv1b85144288
6https://gallica.bnf.fr/ark:/12148/btv1b10527102b

https://gallica.bnf.fr/ark:/12148/btv1b8452767n
https://gallica.bnf.fr/ark:/12148/btv1b84429190
https://gallica.bnf.fr/ark:/12148/btv1b85144288
https://gallica.bnf.fr/ark:/12148/btv1b10527102b
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(a) Main Text (b) Decoration (c) Title

(d) Chapter Headings (e) Paratext (f) Background

Figure 3.4: Samples of six segmentation classes in U-DIADS-Bib dataset: Main Text
(3.4a), Decoration (3.4b), Title (3.4c), Chapter Headings (3.4d), Paratext (3.4e) and
Background (3.4f).

Segmentation analysis

The choice of biblical texts with the homogeneity of the contents, and the abundance

of material from different centuries, scriptures and layouts that characterize them,

allows for the challenge of better highlighting the differences in the graphic and textual

elements that accompany the text but are not part of it. It is important to remark that

these decisions were supported by scholars in the humanities, which are experts in the

respective area. Indeed, from a historical perspective, the Bible holds immense cultural

significance as one of the most widespread and influential texts in the world. It has

profoundly impacted human societies across different spatial and temporal contexts.

In particular, the biblical manuscripts represent a rich diversity of historical layouts

and textual variations, due to their wide diffusion over the centuries and in the world.

The six segmentation classes highlighted by humanities scholars for the page seg-

mentation task are visible in Fig.3.4 and are:

• Main Text. This class includes the writing area and represents the core and
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central content of the book. This class includes punctuation and pause marks.

It can be structured in different layouts such as one or two columns.

• Decoration. This class includes both figurative elements in the proper sense

(miniatures and decorated initials), and elements of minimal decoration, such as

initials with a graphic element or color distinguishing them from the rest of the

text.

• Title. More properly ’incipit and explicit formulae’, identifiable by the use of a

different ink color and/or by the adoption of display scripts: monumental (square)

or rustic capital, uncials or mixed capital/uncials script.

• Chapter Headings. The chapter headings function in ancient manuscripts was

to facilitate the retrieval of a particular chapter or passage, but according to

different scansion and interpretation from one set to another. From a graphical

point of view, they are often recognizable by a script similar to that of the main

text but smaller in size.

• Paratext. This class consists of several elements such as glosses, marginal and

interlinear notes, corrections, paragraph numbering, possession notes from differ-

ent periods, page or fascicle numbering. In general, includes all hand annotations

that do not fit into the other classes.

• Background. This class includes the background of the page and any outline

visible in the scanned image.

However, there is also a twofold motivation behind this choice from a humanities

scholars point of view: firstly, the classification of paratexts is in many cases neither

unambiguous nor immediate (e.g. it is not easy to distinguish at a glance a textual

variant from the integration of a passage omitted by mistake in the original text or the

correction of an erroneous text), and the use of broader classes avoids stiffening the

interpretation of paratexts into dead ends. Furthermore, the broader aim is to encour-

age a wider use of document layout analysis from an interdisciplinary point of view:

the extraction of paratextual elements of different natures can in fact provide material

for scholars of different historical, textual and librarian disciplines, from philology to

paleography to art history to the history of ancient and modern libraries.
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Ground truth construction

The annotation of the U-DIADS-Bib is the result of the collaboration between human-

ities scholars and computer scientists. As previously addressed, manual annotation of

images is a very time-consuming task, especially in the context of document segmen-

tation where the different layout components can be very small and detailed, whilst

annotations provided by algorithms tend to present many inaccuracies and are prone

to the introduction of noise. Consequently, since our goal was to produce a dataset

with a large number of annotated pages, pixel-precise segmentation and very limited,

if any, noise, we have defined a segmentation pipeline that involves the alternation of

humanities scholars and algorithmic work, in order to optimize the expected results.

First of all, after having chosen the manuscripts, a subset of 50 images was selected

in such a way as to represent all the chosen segmentation classes for each manuscript.

A subset of 10 images per manuscript was selected and binarized using the Sauvola

threshold technique [63] and morphological operators in order to give the human ex-

perts a starting point to work on. Then, experts in manuscript texts have manually

segmented at pixel level with different colors these few images per manuscript that

contain examples of all expected classes.

The next step was to train a machine learning model with these subsets of images

and the related GTs segmented by humanities scholars to obtain a coarse segmentation

of the entire dataset. To achieve this, the framework proposed in [24] was followed,

where a few-shot pixel-precise document layout segmentation method with high per-

formance is presented. The segmentation was done for 4 classes, so as to obtain a less

detailed but well-defined segmentation on the whole dataset and with the presence of

almost zero noise. Finally, the humanities scholars introduced the other missing se-

mantic classes and meticulously refined and corrected all the color masks of the GTs by

comparing them to the original images. It is worth noting that, despite the task being

computer-aided, the final result is always defined by a human expert, thus avoiding

possible biases or errors in the dataset.

U-DIADS-Bib is therefore composed of 50 original color page images for each

manuscript, stored in JPEG image format with resolution 1344×2016 px. Each page is

associated with the corresponding GT data, stored in a PNG image with the same size

as the original one. GTs contain six different and non-overlapping annotated classes

(background, comment, decoration, text, title and chapter headings) encoded by RGB
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Classes Lat 2/FS Lat 14396/FS Lat 16746/FS Syr 341/FS
Background 92.8/92.9 89.2 88 85.1
Paratext 0.1 0.1 0.3 0.2
Decoration 1.5/1.3 2 3 2.8/2.6
Main Text 4.7/4.8 7.6/7.5 7.8 11.9/12

Title 0.4 0.5 0.1 0.1
Chapter Headings 0.5 0.6/0.7 0.8 0

Table 3.3: Pixel-level class distribution (%) for each manuscript in U-DIADS-Bib and
its few-shot variant U-DIADS-BibFS (FS). Values in FS are omitted when identical to
those in U-DIADS-Bib.

value as follow:

• Background (BG): RGB(0,0,0), Black.

• Paratext: RGB(255,255,0), Yellow.

• Decoration: RGB(0,255,255), Cyan.

• Main Text: RGB(255,0,255), Magenta.

• Title: RGB(255,0,0), Red.

• Chapter Headings (CH): RGB(0,255,0), Lime.

The Syriaque 341 manuscript contains five semantic classes and the missing one is

the Chapter Headings.

For each of the manuscripts included in U-DIADS-Bib, 10 images have been selected

for the training set, 10 for the validation set, and the remaining 30 for the test. As

shown in Table 3.3 the proposed dataset is characterized by a noticeable imbalance

between the different layout classes, making the layout segmentation task even more

challenging, due to the fact that the classes that appear less consistently in the layout

of the selected pages are much harder to identify for the models employed for the

segmentation task.

Moreover, as we believe that real-world use of layout analysis techniques will be

broadly adopted only if the amount of required manually-labeled training data is re-

duced, we also provided a standardized few-shot version of our dataset (U-DIADS-

BibFS), which we hope will encourage further efforts towards this goal. U-DIADS-

BibFS offers 43 images per manuscript, where only 3 images are provided for training,
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10 for validation and 30 for testing. For each manuscript, the 3 training images were

appropriately chosen so that they included all the segmentation classes. The detail of

the semantic component distributions of this few-shot dataset are shown in Table 3.3.

The dataset is freely available for download on the U-DIADS-Bib repository7. This

dataset was also employed in the International Competition on Few-Shot and Many-

Shot Layout Segmentation of Ancient Manuscripts (SAM), a challenge we organized

at ICDAR 2024 [78].

Benchmarking and training setup

In order to analyze our data and to provide a benchmark for future studies, we

selected a set of 5 popular deep-learning-based semantic segmentation approaches,

namely FCN [49], Lite Reduced Atrous Spatial Pyramid Pooling (LRASPP) [36],

DeepLabV3 [15], its improvement represented by DeepLabV3+ [16], and Pyramid

Scene Parsing Network (PSPNet) [73]. Also, we include the results obtained by state-

of-the-art for the task of document layout segmentation in a few-shot learning setting,

presented by De Nardin et al. [23].

All the models were trained using the same setup: the Adam optimizer with a learn-

ing rate of 10−3 and a weight decay of 10−5. The models are trained for a maximum

of 200 epochs with an early stop mechanism that monitors the validation loss at every

epoch and stops the training process if it did not improve over the last 20 consecutive

epochs. However, to ensure that the model is trained for a minimum number of iter-

ations, thus reducing the risk of convergence to a local minimum at the beginning of

the training process, a buffer of 50 epochs is added.

Due to the high imbalance between the semantic classes in each document cate-

gory of the dataset, we have decided to adopt a weighted cross-entropy loss function

(Eq. 3.6), where the weight for each class is inversely proportional to the frequency of

that element in the corresponding manuscript (Fi). The idea behind this choice is to

allow the selected segmentation models to focus more on the classes that are less repre-

sented in the dataset, therefore mitigating the challenge introduced by its imbalanced

nature.

Wi =

√

1

Fi

(3.6)

All models rely on a residual network as their backbone, in particular the ResNet34

7https://sites.google.com/view/avml-lab-udiadsbib/home/

https://sites.google.com/view/avml-lab-udiadsbib/home/
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version, except LRASPP which is based on MobileNetV3-Large architecture.

Evaluation Metrics

The performances for these semantic segmentation tasks are measured using Precision,

Recall, Intersection over Union (IoU) and F1-Score. Metric definitions are reported

in Eq. 3.7– 3.10, where TP, FP and FN stand respectively for True Positives, False

Positives and False Negatives.

Precision =
TP

TP + FP
(3.7)

Recall =
TP

TP + FN
(3.8)

IoU =
TP

TP + FP + FN
(3.9)

F1-Score =
2× Precision× Recall

Precision + Recall
(3.10)

For each metric, a weighted average is performed, based on each class distribution

in each manuscript. Furthermore, the macro average for each metric is also presented

to consider the weight of all segmentation classes equally important. These evaluation

metrics are calculated individually for each manuscript, and a final evaluation of a

model is obtained by averaging the metrics of the four handwritten documents.

Results

Table 3.4 shows the different performances of the aforementioned semantic segmen-

tation models on the proposed U-DIADS-Bib dataset. The results are provided both

for a single manuscript and for the full dataset by averaging the scores obtained for

each manuscript class. In particular, both the values of the weighted average and the

macro average of the metrics are presented. The reason behind this decision is that

a consensus on which of the two averaging approaches is better suited for the layout

segmentation task has not been reached yet. In fact, while it would be tempting to

consider all segmentation classes as equally important this could lead to penalizing

excessively the score of a model that made some minor mistake on one of the classes

that appear more sparsely in the dataset, which is not always the desired effect in a

real-world application. As expected the macro averaged scores tend to be much lower
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Manuscript
Metric

(weight/macro)
Backbone

FCN [49] LRSAPP [36] DeepLabV3 [15] DeepLabV3+ [16] PSPNET [73]

Latin 2

Precision 0.955/0.542 0.953/0.489 0.954/0.491 0.962/0.593 0.932/0.217
Recall 0.926/0.708 0.898/0.499 0.907/0.811 0.936/0.828 0.890/0.297
IoU 0.892/0.425 0.862/0.373 0.870/0.451 0.906/0.544 0.851/0.200

F1-Score 0.935/0.535 0.916/0.460 0.923/0.585 0.945/0.670 0.904/0.235

Latin 14396

Precision 0.953/0.519 0.939/0.616 0.951/0.590 0.961/0.659 0.951/0.560
Recall 0.936/0.752 0.906/0.589 0.918/0.902 0.944/0.842 0.917/0.779
IoU 0.898/0.500 0.867/0.417 0.875/0.556 0.910/0.609 0.873/0.531

F1-Score 0.940/0.586 0.919/0.531 0.928/0.683 0.949/0.730 0.927/0.633

Latin 16746

Precision 0.948/0.564 0.945/0.614 0.947/0.586 0.958/0.664 0.926/0.389
Recall 0.937/0.787 0.893/0.892 0.905/0.953 0.939/0.932 0.899/0.460
IoU 0.897/0.541 0.842/0.555 0.856/0.560 0.900/0.633 0.845/0.362

F1-Score 0.939/0.638 0.908/0.694 0.917/0.693 0.944/0.757 0.906/0.412

Syriaque 341

Precision 0.942/0.669 0.912/0.575 0.927/0.625 0.943/0.745 0.916/0.491
Recall 0.928/0.851 0.878/0.436 0.905/0.739 0.931/0.686 0.899/0.528
IoU 0.879/0.600 0.808/0.353 0.846/0.551 0.883/0.530 0.837/0.448

F1-Score 0.932/0.719 0.885/0.433 0.912/0.665 0.934/0.617 0.904/0.509

Mean

Precision 0.950/0.574 0.937/0.574 0.945/0.573 0.956/0.665 0.931/0.414
Recall 0.932/0.775 0.894/0.604 0.909/0.851 0.938/0.822 0.901/0.516
IoU 0.892/0.517 0.845/0.425 0.862/0.530 0.900/0.579 0.852/0.385

F1-Score 0.937/0.620 0.907/0.530 0.920/0.657 0.943/0.694 0.910/0.447

Table 3.4: Comparison of the weighted average and macro average performance of the
different semantic segmentation models chosen tested on U-DIADS-Bib dataset. The
best-performing results for each manuscript and for full dataset are shown in bold.

than their weighted average counterparts as typically the least represented classes are

also the hardest ones to classify correctly.

As we can see, the model that presents the overall best performance for both

weighted and macro averages on the full dataset is DeepLabV3+ [16]. The only excep-

tion is represented by the macro averaged recall, for which DeepLabV3 [15] achieves

the best results. A possible reason behind this is that both systems introduce, as part

of their architecture, a way of effectively leveraging the global context of the image

instead of just relying on local information. In contrast, the FCN, which doesn’t im-

plement any kind of global information, shows a much lower performance on the task

at hand. While LRSAPP and PSPNet also rely on global information to perform the

segmentation, they likely need a much larger amount of data to be properly trained

and reach convergence.

In order to provide a more in-depth insight into the results obtained on the presented

dataset we provide a visualization of the confusion matrices obtained by applying the

best performing model, namely DeepLabV3+, on each of the manuscript classes that

make up U-DIADS-Bib (Fig. 3.5). We can notice how each of the manuscripts presents

different criticalities, in terms of segmentation classes that are particularly difficult to
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(a) Latin 2 (b) Latin 14396

(c) Latin 16746 (d) Syriaque 341

Figure 3.5: Confusion matrices obtained by applying DeepLabV3+ [16] to the four
ancient manuscripts of the U-DIADS-Bib dataset.

identify correctly. In particular, DeepLabV3+ obtained particularly low accuracies

for the Paratext and Title classes on the Latin 14396 and Syriaque 341 manuscripts

respectively, while both classes represented a challenge when working with the Latin

2 manuscript. The performance on the Latin 16746 manuscript, on the other hand,

appears to be consistent for all the segmentation classes, with only a small drop in

accuracy for the Title.

Few-shot setting

As previously stated, as part of the present work we wanted to emphasize the im-

portance of being able to work with a small amount of data while retaining good
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Manuscript
Few-Shot

Metric
(weight/macro)

Backbone
FCN [49] LRSAPP [36] DeepLabV3 [15] DeepLabV3+ [16] PSPNET [73] De Nardin et al. [23]

Latin 2

Precision 0.873/0.225 0.907/0.559 0.939/0.442 0.958/0.537 0.928/0.355 0.973/0.636
Recall 0.930/0.194 0.927/0.203 0.897/0.570 0.932/0.756 0.868/0.296 0.972/0.787
IoU 0.867/0.177 0.809/0.186 0.863/0.369 0.902/0.485 0.887/0.190 0.950/0.547

F1-Score 0.899/0.200 0.871/0.216 0.914/0.467 0.941/0.602 0.822/0.227 0.970/0.685

Latin 14396

Precision 0.845/0.426 0.852/0.398 0.945/0.549 0.958/0.705 0.925/0.377 0.971/0.719
Recall 0.908/0.612 0.888/0.234 0.908/0.794 0.941/0.789 0.912/0.447 0.973/0.718
IoU 0.833/0.408 0.866/0.206 0.863/0.496 0.905/0.612 0.915/0.350 0.949/0.629

F1-Score 0.874/0.485 0.808/0.257 0.920/0.618 0.946/0.736 0.860/0.405 0.970/0.707

Latin 16746

Precision 0.839/0.312 0.897/0.472 0.934/0.525 0.941/0.560 0.875/0.246 0.952/0.714
Recall 0.880/0.553 0.869/0.547 0.887/0.895 0.911/0.731 0.858/0.467 0.959/0.743
IoU 0.810/0.289 0.867/0.288 0.839/0.483 0.863/0.464 0.857/0.228 0.921/0.636

F1-Score 0.858/0.341 0.796/0.378 0.904/0.610 0.920/0.598 0.789/0.282 0.951/0.761

Syriaque 341

Precision 0.755/0.320 0.861/0.308 0.890/0.487 0.937/0.654 0.895/0.476 0.946/0.602
Recall 0.862/0.329 0.883/0.321 0.864/0.502 0.926/0.520 0.862/0.436 0.949/0.549
IoU 0.745/0.277 0.802/0.269 0.789/0.365 0.873/0.456 0.787/0.354 0.907/0.473

F1-Score 0.804/0.323 0.872/0.314 0.872/0.463 0.928/0.546 0.871/0.436 0.946/0.564

Mean

Precision 0.828/0.321 0.879/0.434 0.927/0.501 0.949/0.614 0.906/0.364 0.961/0.668
Recall 0.895/0.422 0.917/0.326 0.889/0.690 0.928/0.699 0.875/0.412 0.963/0.699
IoU 0.829/0.288 0.879/0.237 0.859/0.428 0.900/0.504 0.883/0.281 0.942/0.571

F1-Score 0.844/0.337 0.819/0.291 0.882/0.540 0.920/0.621 0.815/0.338 0.950/0.679

Table 3.5: Comparison of the weighted average and macro average performance of the
different semantic segmentation models chosen and the current state-of-the-art tested
on U-DIADS-BibFS dataset. The best-performing results for each manuscripts and for
full dataset are shown in bold.

performance for the task of document layout analysis. For this reason, in Table 3.5,

we also present the results obtained by the different segmentation approaches on U-

DIADS-BibFS, the few-shot version of the proposed dataset. As previously described,

only three images were adopted for the training process. Consistent with the full ver-

sion of the dataset, the results are provided both for a single manuscript and for the

full dataset and for weighted and macro averages.

In this setting, the De Nardin et al. [23], which represents the current state-of-

the-art for few-shot document layout segmentation, achieved the best results for all

the metrics, both when using the weighted and macro averaging strategies on the full

dataset, while being outperformed by either DeepLabV3 or DeepLabV3+ on some of

the metrics when looking at the individual manuscripts scores.

As we did for the full dataset, in Figure 3.6 we provide the results obtained by the

best-performing model on U-DIADS-BibFS. As expected, for most of the manuscripts

we can observe a deterioration of the scores obtained for the different classes. In

particular, we can notice a substantial drop in accuracy for the Paratext and Decoration

classes on the Latin 14396 and Syriaque 341 manuscripts. Similarly, the Decoration

and CH classes of the Latin 16746 manuscript appear to be much harder to identify

in the few-shot learning setting compared to the full dataset one. Surprisingly, the
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(a) Latin 2 (b) Latin 14396

(c) Latin 16746 (d) Syriaque 341

Figure 3.6: Confusion matrices obtained by applying the model proposed by De Nardin
et al. [23] to the four ancient manuscripts of the U-DIADS-BibFS dataset.

performance on the Latin 2 manuscript is overall better in this scenario, where we can

notice a substantial improvement in accuracy for the Paratext, Main Text and Chapter

Headings classes respectively, counterbalanced only by a noticeable drop in accuracy

for the Decoration class.

3.2.2 DIVA-HisDB

The DIVA-HisDB dataset [64] is one of the most widely used benchmarks for document

layout analysis. It consists of a total of 150 images, equally distributed across three

different manuscripts (50 per manuscript). Out of these, 60 images are commonly used

for training, 30 for validation, and the remaining 60 for testing. The manuscripts were
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(a) CB55 (b) CSG18 (c) CSG863

(d) CB55, GT (e) CSG18, GT (f) CSG863, GT

Figure 3.7: Examples from the DIVA-HisDB [64] dataset ( 3.7a– 3.7c) with correspond-
ing ground truth masks ( 3.7d– 3.7f). Magenta highlights the main text, yellow the
comments, cyan the decorations, and black the background.

carefully selected for their heterogeneity and the complexity of their layouts, making

the dataset a particularly challenging benchmark. The three manuscripts included in

DIVA-HisDB are:

• Cod. Bodmer 55 (CB55), Cologny-Genève, Fondation Martin Bodmer. Known as

the Codex Guarneri, this manuscript was written in Italy during the first half of

the 14th century. It contains Dante’s Divina Commedia (Inferno and Purgatorio),

written in chancery script and enriched with marginal glosses in Latin.

• Cod. Sang. 18 (CSG18), St. Gallen, Stiftsbibliothek. The portion included

in the dataset corresponds to codicological unit 4, which contains a Psalterium
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Manuscript Background Comment Decoration Text
CB55 82.41 8.36 0.55 8.68
CSG18 85.16 6.78 1.47 6.59
CSG863 77.82 6.35 1.83 14.00

Table 3.6: Classes distribution (%) for each manuscripts of Diva-HisDB [64] (CB55,
CSG18 and CSG863) dataset.

glossatum with extensive commentary. It was most likely written in St. Gall in

the second half of the 11th century.

• Cod. Sang. 863 (CSG863), St. Gallen, Stiftsbibliothek. Dating to the second half

of the 11th century, this manuscript contains Lucan’s Pharsalia libri decem. Each

book begins with a decorated red initial and two lines in display scripts (uncial

and capitalis rustica). Red incipits and explicits frame the text, while marginal

commentary, interlinear glosses, reference marks, and corrections further increase

the layout complexity.

All documents in the dataset are annotated with four semantic classes: main text,

comments, decorations, and background. Examples of the manuscript images alongside

their pixel-level ground truth masks are shown in Fig. 3.7. A detailed breakdown of the

semantic component distributions across the three manuscripts is reported in Tab. 3.3.

3.2.3 Bukhari dataset

For some of the experiments presented in this thesis, we made use of the Arabic

dataset introduced by Bukhari et al. [10]. This dataset represents the most widely

adopted benchmark for the task of document layout segmentation on historical Arabic

manuscripts and has been frequently employed in the literature as a reference point for

evaluating the effectiveness of segmentation frameworks.

It consists of 32 images, each corresponding to a page from one of three different

Arabic historical manuscripts. The pages were scanned from a private library located in

the old city of Jerusalem, as well as from the Islamic Manuscripts Digitization Project

at the Leipzig University Library8.

Of the 32 samples, 24 are typically used for training, while the remaining 8 are

reserved for testing. The dataset defines three semantic segmentation classes: main

8http://www.islamic-manuscripts.net

http://www.islamic-manuscripts.net
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(a) Book 1, page 19 (b) Book 2, page 1 (c) Book 3, page 2

(d) Book 1, GT (e) Book 2, GT (f) Book 3, GT

Figure 3.8: Sample pages ( 3.8a– 3.8c) and GT masks ( 3.8d– 3.8f) from the Bukhari et
al. [10] dataset. Blue marks the main text, red the side text, and white the background.

text, side text, and background. A distinctive feature of this dataset is its irregular

layout format and various writing styles, which poses a significant challenge for seg-

mentation methods. The manuscripts often include marginal notes (side text) serving

as commentary on the main text contained within the page frame. While the main

text is mostly arranged in horizontal lines, side notes exhibit highly variable orienta-

tions and positions across the page margins with diverse writing styles. This variability

contributes to the complexity and irregularity of the page layout.

Both main text and side text are annotated at the pixel level. Examples of document

images together with their ground truth masks are illustrated in Fig. 3.8. A detailed

distribution of the semantic components is reported in Tab. 3.7.
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Classes Background Side Text Main Text
% 86.07 4.71 9.22

Table 3.7: Classes distribution (%) for Bukhari et al. [10] dataset.

3.3 Common Challenges

Document layout segmentation presents several challenges across both industrial and

historical domains. Although the types, purposes, and time periods of documents may

differ, several recurring obstacles complicate dataset construction, model training, and

evaluation. Figure 3.9 illustrates some typical difficulties encountered in handwritten

document segmentation. These examples highlight how the task of layout segmenta-

tion requires not only sophisticated algorithms capable of handling diverse structural

variations but also carefully designed datasets that faithfully capture the complexity

of real-world documents.

Unlike printed documents such as scientific articles or newspapers, which gener-

ally follow standardized templates with well-aligned text blocks, tables, and headings,

handwritten materials present a radically different scenario. Manuscripts, notes, and

annotated forms often feature irregular layouts, including variable line spacing, chang-

ing text orientations, marginalia, interwoven illustrations, and inconsistent alignment.

This stark contrast between structured printed material and free-form handwritten

content makes generalization across document types difficult and demands methods

capable of handling both highly regular and highly irregular layouts.

A central challenge is the high variability of document structures. Industrial forms

may differ not only between organizations but also across departments or over time,

combining tables, handwritten notes, stamps, and annotations in inconsistent ways.

Historical manuscripts exhibit even greater heterogeneity, with diverse column struc-

tures, ornamental borders, marginalia, illustrations, and multiple handwriting styles.

Such variability requires models that can generalize without overfitting to specific tem-

plates or scripts.

Noise and degradation further complicate layout segmentation. Historical doc-

uments often show ink fading, bleed-through, stains, tears, or warped pages, while

industrial records may suffer from smudges, scanning artifacts, uneven lighting, or

low-resolution captures. These issues obscure layout boundaries, making pixel-level

segmentation particularly challenging. The problem is exacerbated by the scarcity of
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documents. Pixel-level segmentation is often required to capture small and complex el-

ements. Ground truth maps are central to this process, serving both as training targets

and as the basis for quantitative evaluation. However, producing pixel-accurate anno-

tations is notoriously difficult. On the one hand, the task demands expert knowledge

of historical scripts and layouts; on the other, document heterogeneity, stemming from

varying degradation, irregular structures, ink stains, scratches, or miscalibrated scans,

makes automation unreliable. As a result, GT creation remains a bottleneck, intro-

ducing noise when automated and consuming considerable resources when performed

manually.

While recent years have seen efforts to automate segmentation, success has been

limited largely to well-structured printed documents. Handwritten and heavily edited

manuscripts remain particularly challenging due to inconsistent acquisition conditions,

numerous corrections and additions, and widespread degradation. These characteris-

tics render bounding-box methods ineffective and necessitate pixel-level segmentation

maps. Compared to natural image segmentation, however, manuscript regions are

smaller, irregular, and harder to annotate, requiring careful expert supervision. The

resulting scarcity of data, most datasets contain only a few dozen training images,

further limits model performance.

The consequences are significant. Models trained on small datasets risk overfitting,

achieving high accuracy on training data but poor generalization to unseen documents.

Domain variability compounds the problem: industrial forms evolve across organiza-

tions and time, while historical manuscripts differ drastically in script styles, layouts,

and degradation patterns. Robust, generalizable segmentation models must therefore

contend with domain shifts as the norm rather than the exception.

Finally, the scarcity of open datasets contrasts sharply with the vast amount of doc-

uments produced in industrial contexts. Although data exist in abundance, restricted

access prevents large-scale training. This reality underscores the need for methods

capable of working under limited data conditions. Addressing this challenge is the pri-

mary objective of this thesis, which focuses on data-efficient strategies such as transfer

learning and few-shot learning to develop robust and generalizable document layout

segmentation models.





4
Effective Transfer Learning for

Document Layout Analysis

Data availability is a big concern in the field of document analysis, especially when

working on tasks that require a high degree of precision when it comes to the definition

of the ground truth. A notable example is represented by the task of Document Layout

Analysis of handwritten documents, which requires pixel-precise segmentation maps to

highlight the different layout components of each document page. The creation of

segmentation maps is typically very time-consuming and requires a high degree of

domain knowledge to be defined, as they are intrinsically characterized by the content

of the text to be segmented.

For this reason, in the present chapter, we explore the effects of different transfer

learning strategies for the task of document layout segmentation, to provide a bet-

ter understanding of which of them allows for a maximal reduction in the amount

of data needed for the target task while retaining the performance of the employed

model as much as possible. In particular, we study the effects of both in-domain and

cross-domain datasets for the pre-training of a selected segmentation model, which is

then fine-tuned on a set of popular, publicly available, document layout segmenta-

tion datasets with heterogeneous characteristics both regarding their structure as well

as the languages of the contained documents. We show how a combination of cross-

domain and in-domain pre-training data leads to the best overall performance of the

models, as well as speeding up their convergence process, regardless if the whole model

is fine-tuned on the downstream task dataset, or just the decoder module.
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Specifically:

• we provide a thorough analysis of the effects of different initialization and transfer

learning strategies on the performance of the segmentation network, particularly

when working in a low data setting,

• we show how the features learned from pre-training on large-sized general-purpose

datasets are generally not effectively transferable to the specific domain of docu-

ment image analysis.

• we show, on the contrary, how relying on domain-specific data for pre-training,

even in small amounts, leads to a substantial improvement in performance on

the downstream task, especially when working with few training instances on the

target dataset.

The topics addressed in this chapter have been the subject of the following publi-

cations: [21, 27].

4.1 Methods

This section presents a detailed overview of the selected architecture and training

configuration, along with a description of the datasets employed in the experiments

and the evaluation metrics used.

4.1.1 Segmentation architecture

As the semantic segmentation model for our experiments, we opted for the popular

DeepLabV3 [14] architecture. DeepLabV3 is a ResNet-based architecture that employs

atrous (dilated) convolutions in cascade or in parallel with different dilation levels.

This approach allows for retaining a larger spatial resolution for the feature maps

throughout the network architecture compared to models relying heavily on striding

and pooling layers. The key aspect that makes atrous convolutions effective in the

context of semantic segmentation tasks is that they allow for the creation of deeper

neural network architectures, while at the same time providing output feature maps

that are larger than those of a traditional deep CNN architecture and without any

increase in the amount of computation needed. While we are aware there are more





50 Chapter 4 — Effective Transfer Learning for Document Layout Analysis

4.1.2 Transfer learning strategies

Transfer learning is referred to as the process through which the knowledge learned from

a task (upstream) is re-used to boost performance on a related task (downstream).

In this work, we explore three different pre-training strategies characterized by the

different types of upstream data employed to initialize the segmentation model. Fur-

thermore, we studied the effects of two transfer learning pipelines to adapt the trained

models to the target data. An overview of the whole setup is provided in Fig.4.1.

Upstream data sources

As previously mentioned, in our analysis, we explore three different pre-training strate-

gies. The first one is represented by cross-domain pre-training, meaning that the

dataset characterizing the upstream task is substantially different from the one char-

acterizing the downstream task, either by content, objective, or both. This has been

one of the most popular approaches for transfer learning since the release of large-scale

general-purpose datasets such as ImageNet-1K, and it has proven to be very effective

in a wide variety of application fields. The main advantage of this strategy is that

this type of dataset is very easily available in an already structured format nowadays.

Furthermore, deep learning models pre-trained on this kind of dataset are provided by

many open-source libraries, making them easily accessible. However, when working on

downstream tasks characterized by data not belonging to the domain of natural images,

it becomes harder to learn effectively transferable features through this approach. A

common example is represented by the medical imaging field [60].

The second pre-training strategy we analyze is the in-domain one, meaning that,

for the pre-training of our model, we employ a dataset that shares the same domain

as the one we will use for the downstream task we are interested in, even though the

specific instances are different. While the features learned through this approach are

typically more applicable to the downstream task, making it more reliable for domain-

specific applications, the data needed is not always easily available, as their limited

scope is a deterrent to the very time-consuming task of building a specific dataset for

this purpose.

The final strategy we explore is represented by the combination of cross-domain and

in-domain pre-training. The way we combine the two previously described approaches

is by performing an initial training of our model on large-scale cross-domain datasets
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to learn a general set of features. As a second step, we perform a fine-tuning process

on the in-domain dataset, in our case U-DIADS-Bib, to learn a set of domain-specific

features. During this second phase, we don’t freeze any of the model’s weights allowing

the feature-extractor to be tailored to the specific nature of the features characterizing

the in-domain dataset.

Other than the potential improvement in performance that this approach could lead

to, we believe it could also represent a way to reduce the amount of domain-specific

data needed compared to relying exclusively on an in-domain transfer learning strategy.

Transfer learning pipelines

The two transfer learning pipelines we studied are shown in Fig. 4.1(b) and (c) and

differ by the way the feature extraction module of the pre-trained model is employed.

In (b), this module is frozen when performing the training process on the downstream

task, while in (c), it’s fine-tuned on the target data, allowing it to learn its peculiar-

ities and therefore improve its effectiveness on the target task at the cost of a higher

computational effort during the training process. An important thing to notice is that

in both pipelines, the weights of the decoder and classifier modules of the model are

initialized randomly before the training step on the downstream task. When working

with either cross-domain or in-domain data individually as the input to pre-train our

model, we explore the effects of both pipelines to better understand their respective

effects on the final performance. When combining both types of data, we perform a

first pre-training step on the cross-domain data following pipeline (a), then fine-tune

the entire model on the in-domain data of the upstream task following pipeline (c)

and, finally, we perform the transfer learning step on the target downstream data by

once again exploring the effects of either freezing the feature extractor or fine-tuning

the whole model.

Tab. 4.1 provides a schematic overview of all the datasets presented in this section.

4.1.3 Pre-training datasets

In this section, we will give a brief description of the 3 datasets employed to perform the

pre-training of the selected model architecture. We decided to analyze the effectiveness

of the features learned through training on datasets with different characteristics. In

particular, we selected 2 large cross-domain datasets, namely ImageNet-1K [29] and
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Dataset # Images # Classes #Images type Task Role
ImageNet-1K 1.281.167 1000 Natural Classification Out-domain source
COCO ∼200.000 80 Natural Segmentation Out-domain source
U-DIADS-Bib 200 6 Documents Segmentation In-domain source
DIVA-HisDB 150 4 Documents Segmentation Target
Bukhari 32 3 Documents Segmentation Target
TobaccoSeg 50 3 Documents Segmentation Target

Table 4.1: Compact overview of key information regarding the datasets used for our
analysis.

COCO [47] which are employed, respectively, for classification and semantic segmen-

tation tasks, and represent our cross-domain data sources, as well as a small, recently

published in-domain dataset that focuses on semantic segmentation specifically applied

to the layout analysis of documents, called U-DIADS-Bib [77]. An example image from

each pre-training dataset is shown in Fig. 4.2.

ImageNet-1k

ImageNet-1k [29] is a hierarchically structured dataset consisting of 1,281,167 natural

images, primarily designed for the image classification task. Its instances are organized

into 1,000 distinct categories, covering a wide range of everyday objects and scenes.

This dataset represents probably the most popular resource for pre-training computer

vision models, and it has been successfully employed in a wide variety of application

fields since its release in 2012. Its large scale, diversity, and standardized structure

have made it an essential benchmark for evaluating and comparing the performance of

deep learning architectures.

COCO

The COCO (Common Objects in Context) dataset [47], introduced in 2014, contains

over 200k labeled images covering 80 different object categories.These categories are

represented by approximately 1.5 million individual instances distributed across the

dataset images, capturing a wide variety of real-world contexts and object interactions.

Although COCO is considerably smaller than the previously discussed ImageNet-1k

dataset, it offers distinct advantages for tasks beyond image classification. In partic-

ular, COCO is explicitly designed for object detection, segmentation, and captioning,

providing detailed instance-level annotations that are crucial for these tasks. This
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(a) ImageNet-1k

(b) COCO
(c) U-DIADS-Bib

Figure 4.2: Examples from the three datasets used as pre-training data: ImageNet-1k
with the class “cup”, COCO, and U-DIADS-Bib.

makes the dataset highly relevant for downstream tasks that involve understanding

the structure and layout of images, such as semantic segmentation and document anal-

ysis, which are central to the work presented in this study.

U-DIADS-Bib

U-DIADS-Bib [77] is a recently published dataset focusing specifically on the layout

segmentation of manuscripts. A detailed description of this dataset is provided in

Chapter 3. The key characteristics of this dataset are the improved precision in the

definition of the ground truths compared to previously available ones, as well as its

heterogeneity, which made it an ideal candidate for our analysis of in-domain transfer

learning. In fact, the instances of this dataset are characterized by high variability in

the layout structure and significant inter-class similarity, which forces the segmentation

model to learn subtle differences between the different layout components defining the
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6 layout classes and a combination of textual information and pictures, allowing the

model to generalize to learn a set of features that is not exclusively focused on textual

structures.

4.1.4 Evaluation datasets

We selected three datasets to evaluate the different initialization strategies for our

segmentation model. Two of them are the most widely used datasets for handwritten

document layout analysis, DIVA-HisDB [64] and the Bukhari dataset [10], while the

third is TobaccoSeg industrial dataset. These datasets have been previously introduced

and are described in detail in Chapter 3.

4.2 Experiments

In this section, we present the experimental evaluation of our proposed approach,

detailing the training procedures, dataset preparation, and evaluation metrics.

4.2.1 Training setup

As previously stated for all our experiments we relied on the DeepLabV3 architecture

for semantic segmentation which was trained following one of the three pipelines re-

ported in Fig. 4.1. The training process on the target datasets was performed on a

total of 200 epochs, using the Adam optimizer with a learning rate of 1e−3 with a

batch size of 20. Furthermore, an early stop condition was introduced after the first

50 epochs in case the model loss on the validation set didn’t decrease over the last 20

epochs. All the instances of the employed datasets were resized to 672× 1008, keeping

the aspect ratio of the original images intact to avoid artifacts.

The loss we adopted to train our models is a combination of the dice loss and the

weighted cross-entropy loss, where the weight of each class is represented by the square

root of the inverse frequency of that class in the instances belonging to the corre-

sponding document, as proposed in [24] to account for the substantial class imbalance

characterizing all the document datasets, detailed in Chapter 3.
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Source
dataset

Metric
Trained
from

scratch

Frozen Encoder Finetuned Encoder

ImageNet1K COCO U-DIADS-Bib
ImageNet1K +
U-DIADS-Bib

COCO +
U-DIADS-Bib

ImageNet1K COCO U-DIADS-Bib
ImageNet1K +
U-DIADS-Bib

COCO +
U-DIADS-Bib

CB55

Prec 0.552 0.502 0.526 0.581 0.573 0.596 0.575 0.619 0.592 0.580 0.626
Rec 0.652 0.622 0.625 0.717 0.723 0.746 0.730 0.783 0.754 0.765 0.806
IoU 0.439 0.399 0.410 0.484 0.481 0.508 0.483 0.536 0.500 0.495 0.546
F1 0.576 0.533 0.542 0.625 0.624 0.651 0.627 0.680 0.645 0.640 0.690

CSG18

Prec 0.571 0.515 0.540 0.582 0.583 0.606 0.578 0.608 0.590 0.588 0.613
Rec 0.733 0.626 0.639 0.825 0.836 0.830 0.831 0.886 0.853 0.849 0.882
IoU 0.512 0.425 0.441 0.524 0.527 0.545 0.520 0.560 0.537 0.533 0.564
F1 0.653 0.556 0.574 0.663 0.667 0.683 0.660 0.698 0.676 0.673 0.702

CSG863

Prec 0.614 0.520 0.560 0.619 0.616 0.652 0.619 0.654 0.627 0.626 0.657
Rec 0.719 0.631 0.667 0.778 0.791 0.798 0.773 0.851 0.817 0.810 0.862
IoU 0.504 0.428 0.464 0.539 0.542 0.567 0.533 0.588 0.557 0.551 0.597
F1 0.647 0.562 0.602 0.680 0.682 0.705 0.675 0.726 0.697 0.692 0.733

Bukhari

Prec 0.534 0.487 0.501 0.546 0.556 0.569 0.565 0.599 0.578 0.571 0.599
Rec 0.607 0.534 0.586 0.648 0.675 0.705 0.674 0.720 0.700 0.692 0.728
IoU 0.431 0.385 0.401 0.447 0.458 0.475 0.467 0.504 0.481 0.474 0.504
F1 0.562 0.505 0.529 0.582 0.597 0.614 0.604 0.644 0.621 0.613 0.644

TobaccoSeg

Prec 0.509 0.477 0.506 0.520 0.509 0.525 0.522 0.543 0.547 0.543 0.587
Rec 0.573 0.546 0.569 0.614 0.657 0.676 0.749 0.830 0.725 0.699 0.828
IoU 0.359 0.346 0.348 0.441 0.428 0.446 0.444 0.514 0.479 0.471 0.531
F1 0.412 0.401 0.406 0.551 0.542 0.552 0.559 0.609 0.603 0.592 0.660

Table 4.2: Results for the different pre-training strategies. The best and second-best
results for each transfer learning pipeline are reported in bold and underlined respec-
tively, while the bolditalic values represent the instances in which a pre-trained model
performed worse than the baseline model trained from scratch.

4.2.2 Metrics

To evaluate the different initialization strategies we relied on 4 popular metrics in the

field of document layout segmentation, namely precision, recall, Intersection over Union

(IoU) and F1-Score. Metric definitions are reported in Eq. 4.1– 4.4, where TP, FP and

FN stand respectively for True Positives, False positives and False Negatives.

Precision =
TP

TP + FP
(4.1)

Recall =
TP

TP + FN
(4.2)

IoU =
TP

TP + FP + FN
(4.3)

F1-score =
2× Precision× Recall

Precision + Recall
(4.4)

Each metric was calculated individually for each document class of the 3 target datasets.

Furthermore, a macro average of the scores obtained for the different segmentation

classes was performed to ensure that each of them contributes equally to the final

score.
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4.3 Results

In this section, we also analyze the impact of different pre-training strategies on the

convergence time, stability, and data efficiency of our models. Furthermore, we provide

a qualitative assessment of the segmentation results and discuss the implications of the

observed performance trends, highlighting how the choice of source datasets influences

both quantitative metrics and training dynamics.

4.3.1 Transferability of the learned features

Tab. 4.2 shows the performances, in terms of the 4 selected evaluation metrics, obtained

by our model when initialized employing different strategies and trained on the target

dataset following each of the three aforementioned pipelines. In this table, the best

and second-best performing systems for each transfer learning pipeline are highlighted

in bold and underlined, respectively. Furthermore, we mark in bold italic the scores

achieved by pre-trained models that do not improve over the random initialization

baseline, as these cases provide an important indication of the limitations of certain

transfer strategies. From this analysis, we can observe that, pre-training on out-of-

domain datasets with no further fine-tuning of the encoder module, leads to a drop

in performance compared to random initialization, meaning that the features learned

during the training on the upstream task have no real overlap with the ones needed to

perform the downstream task.

In contrast, pre-training on U-DIADS-Bib, representing the in-domain dataset, con-

sistently leads to an increase in performance compared to the baseline, with improve-

ments in the scores for the selected metrics going from 1% to 6% for all the classes of

the target datasets. On the other hand, when fine-tuning the whole model on the down-

stream task data, every pre-training strategy consistently leads to an improvement over

the baseline approach. This implies that even if the source and target datasets belong

to very different domains, pre-training on the former still leads to a better starting

point for the training of the latter compared to random initialization.

Furthermore, we can clearly observe how combining the cross-domain and in-domain

initialization strategies consistently leads to the best overall results, with the setup

represented by pre-training on COCO and fine-tuning on the U-DIADS-Bib dataset

outperforming all the other initialization strategies on all the selected metrics, regard-

less of the way the encoder weights are treated during the final training step, with the
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only exception of the recall for the CSG18 class. It is interesting to observe how, even

though pre-training on natural image datasets doesn’t provide any real benefit over

random initialization when used individually while freezing the feature extractor mod-

ule of the segmentation model, it actually represents a valid strategy when combined

with a fine-tuning step on an in-domain dataset such as U-DIADS-Bib, especially when

using COCO as the source dataset. In fact, we can observe how the hybrid strategy in-

volving the combination of the COCO and U-DIADS-Bib datasets consistently achieves

better results compared to relying exclusively on the latter. This means that, even in

this scenario, the pre-training on COCO still leads to a more robust initialization than

a random one. On the other hand, the results obtained by combining ImageNet-1K

and U-DIADS-Bib are overall comparable to the simple in-domain transfer learning

strategy, with only slight improvements on some of the metrics.

We can also observe how, regardless of the pre-training strategy employed, fine-

tuning the whole model on the target dataset consistently leads to better performance

compared to training only the decoder and segmentation modules while keeping the

encoder module frozen. This behavior is expected as the model can more effectively

learn a set of bespoke features on the target dataset following this approach.

4.3.2 Impact on convergence time

As a further result, we show in Fig. 4.3 and Fig. 4.4 the learning curves representing

the evolution of the Intersection over Union (IoU) on the validation set throughout the

200 training epochs for pipeline Fig. 4.1(b) and (c) respectively. As we can observe,

in both scenarios, all the strategies involving the use of an in-domain dataset, both on

its own or combined with a pre-training step on a natural image dataset, lead to faster

convergence of the model on all the document classes characterizing the target datasets,

compared to both random initialization and pre-training exclusively on out-of-domain

datasets. Additionally, in-domain and hybrid pre-training strategies consistently allow

for a much more stable learning process, drastically reducing the performance spike

characterizing the other strategies. On the other hand, when pre-training exclusively

on the cross-domain datasets and freezing the encoder module, the convergence time

is comparable to that of the model trained from scratch, with the downside of the final

IoU being higher.

While fine-tuning the whole model on the target data, we can observe a marked

















5
Few-Shot Learning for Document

Layout Segmentation

In recent years, machine learning and deep learning–based methods have increasingly

been adopted for document layout analysis, as they offer a more effective alternative

to traditional approaches. However, these methods rely on large amounts of carefully

defined ground-truth maps in order to be properly trained and meaningfully compared

with other techniques.

To be suitable for training accurate deep learning models, ground-truth annotations

must provide pixel-level precision in the segmentation masks [33]. This requirement

represents a significant drawback, since the pixel-accurate annotation of entire histor-

ical document datasets is both extremely time-consuming and dependent on domain-

specific expertise, particularly when dealing with historical manuscripts, where only

specialized humanities scholars can ensure the necessary level of precision [58]. As

a consequence, such high-quality ground-truth data are rarely available in real-world

scenarios.

Despite this challenge, few-shot learning approaches for document layout segmen-

tation remain relatively underexplored in the current literature. In this chapter, we

therefore introduce a novel few-shot learning framework for efficient, pixel-precise page

segmentation of documents [23, 25, 24]. The proposed approach is capable of accurately

segmenting the different components of a document page (e.g., text, paratext, images),

achieving performance comparable to state-of-the-art methods while requiring only a

fraction of the training data typically needed. Moreover, a key feature of our system is
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its ability to generalize across domains: it has been designed to work robustly not only

on complex historical manuscripts but also on contemporary industrial documents,

which often present very different structural and visual characteristics. Specifically:

• we design a dynamic instance generation strategy that maximizes the variability

of the training data while keeping the annotation requirements to a minimum;

• we adopt a robust segmentation backbone tailored to work effectively in a few-

shot regime, ensuring high-quality pixel-level predictions even with limited su-

pervision;

• we introduce a refinement module that leverages adaptive thresholding techniques

to further improve the sharpness and accuracy of the segmentation maps;

• we demonstrate that our framework generalizes across domains, providing reliable

results both on complex historical manuscripts and on contemporary industrial

documents.

The topics addressed in this chapter have been the subject of the following publi-

cations: [22, 23, 24, 25].

5.1 Method

The proposed approach is built on three core components, namely a robust segmen-

tation backbone used to retrieve the semantic components of each document page, a

dynamic instance generation module that allows us to fully leverage the limited amount

of data available at training time, and finally a segmentation refinement module that

makes it possible to further improve the quality of the segmentation maps produced

by our model. A visual representation of the proposed framework pipeline is reported

in Fig. 5.1.

5.1.1 Segmentation backbone

Adoption of a robust backbone is a crucial step in each Deep Learning framework.

When working in a few-shot setting in particular we need a network that is able to

capture a sufficient level of detail while being given in input just a handful of sam-

ples. For this reason, we selected DeepLabV3+ [16] as the backbone of our framework.
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Figure 5.1: Visual representation of the segmentation pipeline for the proposed frame-
work. The green area represents the processes carried out during the training phase,
where each input image is split into 2 sets of patches: the baseline patches, which
are non-overlapping patches of size k × k providing a complete representation of the
original image and a set of C random crops which are extracted from random locations
of the image at each training epoch. These 2 sets of patches are then combined and
given in input to the backbone segmentation model which provides a predicted coarse
segmentation map for each of them. These maps are compared with the ground truth
ones through the application of a weighted cross-entropy loss. At inference time the
dynamic instance generation step is removed while a segmentation refinement process
is applied to the outputs of the backbone architecture to obtain more precise segmen-
tation maps.
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DeepLabV3+ is a popular pixel-wise semantic segmentation model built on its prede-

cessor DeepLabV3 [15]. The latter is a ResNet [35] based architecture heavily relying

on atrous convolutions which are employed both in parallel and in a cascade in order

to enlarge the receptive fields of the filters and consequently retain a higher spatial res-

olution throughout the network. The key advantage of this approach is that it allows

for deeper neural networks that provide larger feature maps at no additional compu-

tational cost. Finally, the Atrous Spatial Pyramid Pooling (ASPP) is introduced in

DeepLabV3 as a way of capturing features at different scales in the original image by

relying on a heterogeneous set of dilation rates in the network. DeepLabV3+ introduces

two substantial changes compared to the aforementioned architecture. The first one

regards the substitution of the ResNet encoder with a custom version of the Aligned

XCeption [17] model in which all max pooling operations are replaced by depth-wise

separable convolution. Furthermore, it adds a simple yet effective decoder which refines

the segmentation results. The decoder module employs depth-wise separable convolu-

tions to enhance the spatial resolution of the feature maps, resulting in sharper and

more detailed output segmentation maps.

5.1.2 Dynamic instance generation

The dynamic instance generation module is a key component of the training pipeline of

our framework. The key idea behind it is that it efficiently exploits the small amount

of data available at training time [22]. To do so, instead of relying on the full doc-

ument pages as the instances of our dataset, we split them into two sets of smaller

patches. The first ones, which we will refer to as baseline patches, consist of a set

of non-overlapping sub-regions of size m × n extracted from the original input image

in order to cover its entire surface and are kept consistent between the training and

inference time (Fig. 5.2a). In addition to the baseline patches, as a way to further

improve the generalization capabilities of our model, we also generate a small set of

k potentially overlapping crops of the same size as the baseline patches which are ex-

tracted from random locations of the original image (Fig. 5.2b). This process is carried

out at each epoch during training time, while at inference time no additional crops are

generated as they are not needed to obtain the final segmentation mask. While relying

on sub-patches of the original images is a common approach in computer vision-related

tasks, in most cases, these patches are either limited to the ones corresponding to our
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deviation in an adaptive manner throughout the image. The resulting equation adopted

by the Sauvola algorithm is shown in Eq. 5.1, where N is the local window of size n×n,

µ(N) and σ(N) are, respectively, the corresponding mean and standard deviation, and

R is the dynamic range of the standard deviation. Finally, k is a manually selected

parameter that regulates the value of the local threshold.

T = µ(N)×

(

1 + k × (
σ(N)

R
− 1)

)

(5.1)

The refined segmentation masks are then obtained by performing the Hadamard prod-

uct between the layout segmentation predictions provided by our backbone and the

mask resulting from running the Sauvola algorithm on the corresponding images of the

dataset.

5.2 Experiments

In this section, we outline a detailed description of the dataset adopted for the experi-

ments and the training setup. Furthermore, the metrics used to evaluate and compare

the performance of the proposed approach are presented, together with the results of

the ablation study.

5.2.1 Datasets

To train and evaluate our model, we selected several datasets covering a wide range

of document types: the popular Diva-HisDB dataset [64], the Bukhari dataset [10],

the U-DIADS-Bib FS version, and, to further assess the robustness of our approach,

the industrial dataset we constructed, TobaccoSeg. A complete description of all these

datasets is provided in Chapter 3. In this work, we conduct experiments in a few-shot

setting. For Diva-HisDB, we used only 6 images in total (2 for each class) to train our

model. For the Bukhari dataset, we relied on just 3 images, one per manuscript. For

U-DIADS-Bib, we employed its FS version, using 3 images per manuscript for training.

Finally, for TobaccoSeg, we used 3 images out of the 10 available for training.

By selecting datasets that span from historical manuscripts to industrial documents,

with varying layouts and segmentation classes, we ensure that the proposed methods

generalize across different contexts and remain applicable in real-world scenarios.
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5.2.2 Training and inference setup

Our model was trained using the popular Adam optimizer with a learning rate of 10−3

and a weight decay of 10−5. The maximum number of epochs for which it was allowed

to run has been set to 200 with an early stop in case the validation loss didn’t improve

in the last 20 epochs and a buffer of 50 epochs which guarantees that the model will

be trained at least for the specified amount of iterations. During each epoch, a set of

10 dynamic crops of size 672 × 672 px has been generated in addition to the baseline

patches of the same sizes extracted from the original image. This process led to a

maximum of 4012 instances being generated for each document class during training,

in case the model needed all the 200 epochs in order to converge. In order to be able

to fit them in the GPU memory the images of the dataset have been resized from their

original high resolution (up to 4.8k × 6.8k px), down to a size of 1344× 2016 px. The

loss function selected to train the model is a weighted Cross Entropy Loss [39] in which

the weight for each semantic element class is inversely proportional to the frequency of

that element in that dataset and, more precisely is calculated as the square root of 1

over the square root of the occurrence frequency of the corresponding element in the

dataset (Eq. 5.2).

Wi =

√

1

Fi

(5.2)

This specific choice was made to take into account the high imbalance between the

semantic class distribution in each document category of the datasets descritte nel

Capitolo 3. Our model was trained separately and from scratch on each document

class.

Regarding the inference setup, the main choice involved in it is represented by the

hyperparameters of the segmentation refinement algorithm, namely the window size

which was kept consistent at 15× 15 px for all document classes and the control value

k, which regulates the value of the threshold in the local window (the higher the k

value, the lower the threshold) and was set at the value of 0.01 for all classes.

5.2.3 Evaluation metrics

In order to evaluate the performance of our proposed approach we use different metrics

such as Precision, Recall, IoU and F1-Score. These evaluation metrics are calculated

individually for each one of the manuscripts that compose DIVA-HisDB and U-DIADS-
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Bib dataset. Metric definitions are reported in Eq. 5.3– 5.6, where TP, FP and FN stand

respectively for True Positives, False positives and False Negatives. For each metric a

weighted average is performed, based on each class frequency in each manuscript. The

final evaluation of a model is then obtained by averaging the metrics of all pages of the

three manuscripts.

Precision =
TP

TP + FP
(5.3)

Recall =
TP

TP + FN
(5.4)

IoU =
TP

TP + FP + FN
(5.5)

F1-score =
2× Precision× Recall

Precision + Recall
(5.6)

5.3 Results

In the following section, we provide a thorough comparison between the results achieved

by the proposed framework and a set of popular semantic segmentation approaches,

namely DeepLabV3 [15], its improved version DeepLabV3+ [16], FCN [49], Lite Re-

duced Atrous Spatial Pyramid Pooling (LRASPP) [36], and Pyramid Scene Parsing

Network (PSPNet) [73]. Furthermore, we also include the results obtained by the cur-

rent state-of-the-art method for the task of document layout segmentation, referred to

as MLA [70], although these results are only available for the DIVA-HisDB dataset.

The comparison focuses both on a quantitative and a qualitative perspective in order

to provide a complete overview of the quality of the model’s predicted segmentations.

To this end, we also provide a discussion about the critical cases in which our approach

fails to provide the correct segmentation for the corresponding instances. All the mod-

els, excluding MLA for which we gathered the results from the respective paper, have

been personally tested by us keeping the training and evaluation settings as consistent

as possible.

5.3.1 Quantitative results

In Tab. 5.1 the quantitative results achieved by our proposed framework for all the

selected metrics across all the document classes contained in the Diva-HisDB dataset
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Backbone
CB55 CSG18 CSG863 Mean

Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1
FCN* 0.894 0.883 0.783 0.863 0.874 0.885 0.797 0.863 0.915 0.907 0.826 0.895 0.894 0.892 0.802 0.874
FCN 0.902 0.900 0.815 0.884 0.930 0.930 0.869 0.919 0.923 0.919 0.847 0.909 0.918 0.916 0.844 0.904
LRSAPP* 0.847 0.837 0.718 0.808 0.919 0.913 0.871 0.911 0.869 0.864 0.757 0.842 0.878 0.871 0.782 0.854
LRSAPP 0.880 0.883 0.789 0.864 0.921 0.927 0.868 0.918 0.911 0.910 0.833 0.899 0.904 0.907 0.830 0.894
PSPNET* 0.876 0.868 0.761 0.846 0.906 0.905 0.829 0.890 0.913 0.896 0.817 0.888 0.898 0.890 0.802 0.875
PSPNET 0.887 0.894 0.811 0.880 0.912 0.920 0.857 0.910 0.913 0.915 0.845 0.906 0.904 0.910 0.838 0.899
DeepLabV3* 0.893 0.883 0.784 0.863 0.901 0.895 0.806 0.873 0.864 0.853 0.737 0.828 0.886 0.877 0.776 0.855
DeepLabV3 0.905 0.901 0.817 0.886 0.930 0.931 0.871 0.920 0.920 0.914 0.839 0.903 0.918 0.915 0.842 0.903
DeepLabV3+* 0.908 0.903 0.821 0.888 0.931 0.929 0.867 0.918 0.936 0.933 0.875 0.927 0.925 0.922 0.854 0.911
DeepLabV3+ 0.943 0.945 0.896 0.939 0.961 0.962 0.929 0.959 0.965 0.965 0.935 0.964 0.956 0.957 0.920 0.954
MLA - - - - - - - - - - - - 0.965 0.995 0.989 0.995
Ours 0.989 0.987 0.977 0.988 0.983 0.982 0.967 0.982 0.986 0.983 0.971 0.984 0.986 0.984 0.972 0.985

Table 5.1: Comparison between the performance of our model and the competition on
the 4 selected metrics in DIVA-HisDB dataset. The best and second-best performing
models are reported in a bold and underlined fashion respectively while * indicates the
models trained in a few-shot setting by using the same set of images selected for our
framework.

are shown and compared with the competitor models. In particular, for all the models,

excluding MLA, we provide both the results obtained by training them on the entire

available dataset and the ones obtained by training the model only on the subset of

2 pages selected for our approach. Unfortunately, MLA authors provided only the

mean scores for the selected metrics and some implementation details were missing,

leading our attempt at reimplementing their work to achieve sub-optimal results. As

we can see our model is consistently capable of outperforming the other semantic

segmentation networks on all the metrics, regardless of the setup in which they have

been trained. In particular, compared to the second-best performing approach, being

represented by DeepLabV3+, our model achieves a mean improvement of 7.7% when

the former is trained in a few-shot setting with a peak improvement of 11.8% for the IoU

metric. While, when DeepLabv3+ is trained using the full training set, our approach

outperforms it by a still substantial mean of 3.5% (5.2% for the IoU metric) while using

only a fraction of the available data.

Furthermore, our framework achieves very close performance even when compared

with the current state-of-the-art MLA, even surpassing it by 2.1% on the mean precision

metric. As for the remaining metrics our model performance is still comparable to

that of MLA with a difference going from 1.7% for the IoU metric, to as little as 1%

for the F1-score. It is important to notice, however, that MLA is trained on around

180000 instances extracted from all the images of the training set, while our framework,

as previously mentioned, extracts at most 4012 unique instances from just 2 of the
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Source
dataset

Metric
Backbone

FCN* FCN LRSAPP* LRSAPP PSPNET* PSPNET DLV3* DLV3 DLV3+* DLV3+ Ours

Latin 2

Prec 0.873 0.955 0.907 0.953 0.928 0.932 0.939 0.954 0.958 0.962 0.973
Rec 0.930 0.926 0.927 0.898 0.868 0.890 0.897 0.907 0.932 0.936 0.972
IoU 0.867 0.892 0.809 0.862 0.887 0.851 0.863 0.870 0.902 0.906 0.950
F1 0.899 0.935 0.871 0.916 0.822 0.904 0.914 0.923 0.941 0.945 0.970

Latin 14396

Prec 0.845 0.953 0.852 0.939 0.925 0.951 0.945 0.951 0.958 0.961 0.971
Rec 0.908 0.936 0.888 0.906 0.912 0.917 0.908 0.918 0.941 0.944 0.973
IoU 0.833 0.898 0.866 0.867 0.915 0.873 0.863 0.875 0.905 0.910 0.949
F1 0.874 0.940 0.808 0.919 0.860 0.927 0.920 0.928 0.946 0.949 0.970

Latin 16746

Prec 0.839 0.948 0.897 0.945 0.875 0.926 0.934 0.947 0.941 0.958 0.952
Rec 0.880 0.937 0.869 0.893 0.858 0.899 0.887 0.905 0.911 0.939 0.959
IoU 0.810 0.897 0.867 0.842 0.857 0.845 0.839 0.856 0.863 0.900 0.921
F1 0.858 0.939 0.796 0.908 0.789 0.906 0.904 0.917 0.920 0.944 0.951

Syriaque 341

Prec 0.755 0.942 0.861 0.912 0.895 0.916 0.890 0.927 0.937 0.943 0.946
Rec 0.862 0.928 0.883 0.878 0.862 0.899 0.864 0.905 0.926 0.931 0.949
IoU 0.745 0.879 0.802 0.808 0.787 0.837 0.789 0.846 0.873 0.883 0.907
F1 0.804 0.932 0.872 0.885 0.871 0.904 0.872 0.912 0.928 0.934 0.946

Mean
U-DIADS-Bib

Prec 0.828 0.950 0.879 0.937 0.906 0.931 0.927 0.945 0.949 0.956 0.961
Rec 0.895 0.932 0.917 0.894 0.875 0.901 0.889 0.909 0.928 0.938 0.963
IoU 0.829 0.892 0.879 0.845 0.883 0.852 0.859 0.862 0.900 0.900 0.942
F1 0.844 0.937 0.819 0.907 0.815 0.910 0.882 0.920 0.920 0.943 0.950

Bukhari

Prec 0.836 0.865 0.806 0.899 0.843 0.911 0.879 0.908 0.929 0.956 0.970
Rec 0.875 0.899 0.858 0.876 0.859 0.861 0.815 0.871 0.907 0.943 0.966
IoU 0.788 0.824 0.742 0.806 0.770 0.790 0.735 0.802 0.850 0.902 0.940
F1 0.853 0.879 0.805 0.884 0.846 0.875 0.836 0.883 0.914 0.946 0.967

TobaccoSeg

Prec 0.841 0.955 0.880 0.941 0.933 0.942 0.940 0.945 0.951 0.956 0.963
Rec 0.917 0.933 0.915 0.908 0.901 0.899 0.897 0.909 0.935 0.955 0.964
IoU 0.841 0.897 0.848 0.868 0.857 0.859 0.858 0.868 0.903 0.905 0.936
F1 0.877 0.940 0.889 0.917 0.913 0.915 0.914 0.922 0.941 0.945 0.963

Table 5.2: Comparison between the performance of our model and the competition
on the U-DIADS-BibFS, Bukhari and TobaccoSeg datasets. The best and second-best
performing models are reported in a bold and underlined fashion respectively while
* indicates the models trained in a few-shot setting by using the same set of images
selected for our framework.

available images in the training set, resulting in a reduction of the needed data by a

factor approximately 45.

In Tab. 5.2, we present a comprehensive comparison between our model and com-

peting approaches on the U-DIADS-BibFS, Bukhari, and TobaccoSeg datasets. As

shown, our framework consistently achieves the best performance across all settings,

even when compared to models trained on the full training set. The only exception is

observed in the precision metric for manuscript Latin 16746 in U-DIADS-BibFS, where

our model ranks second, although the difference with the best-performing method re-

mains marginal.

A closer analysis reveals that, when compared to the strongest baseline represented
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by DeepLabV3+, our approach achieves a consistent improvement of 2-4% across all

metrics in its fully trained configuration. The advantage becomes even more evident in

the few-shot scenario, where our framework surpasses DeepLabV3+ by approximately

4-9%, clearly demonstrating its capacity to learn effectively even in the presence of

limited annotated data. These results confirm that our framework is not only competi-

tive, but in fact superior to widely adopted semantic segmentation methods, regardless

of the training regime considered.

It is also important to emphasize that such improvements are not confined to a

specific type of dataset. On the contrary, they are observed across collections of very

different nature and complexity: from historical manuscripts with highly variable lay-

outs, degraded conditions, and irregular calligraphy (U-DIADS-BibFS, Bukhari), to

industrial documents characterized by fine-grained structural elements and standard-

ized layouts (TobaccoSeg). This breadth of evaluation demonstrates the robustness

and adaptability of our method, highlighting its ability to generalize effectively be-

yond the distribution of the training data and to operate reliably across heterogeneous

real-world scenarios.

5.3.2 Qualitative results

Fig. 5.3 shows the segmentation maps produced by our model for four document pages

belonging, respectively, to the Diva-HisDB, U-DIADS-Bib, Bukhari, and TobaccoSeg

datasets. Our approach is compared with the predictions of the FCN and DeepLabV3+

models, both trained on the entire available training set. For reference, the correspond-

ing ground-truth segmentation maps are also reported.

The maps produced by FCN often display segmentation errors, with frequent class

confusions in the U-DIADS-Bib and Bukhari datasets in particular. Moreover, across

all datasets, FCN outputs are affected by a significant amount of noise and tend to be

coarse, especially in regions containing small text or where different components are

densely intertwined. DeepLabV3+ achieves a higher level of detail, particularly in the

representation of text regions. Finally, our model yields segmentation maps that are

consistently sharper and more precise than those of the competing approaches, closely

matching the ground truth across all the analyzed datasets.
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(a) Degraded page (b) Edge misclassification

(c) Adjacent page text (d) Foreground misclassification

Figure 5.4: Overview of the main instances of misclassification for the proposed ap-
proach. From the top left corner we have: 5.4a degraded spots in the page background
being misclassified as foreground, 5.4b the same type of misclassification involving page
edges, 5.4c Text belonging to the adjacent page being recognized as part of the current
one, 5.4d a simple case of misclassified foreground elements in particular involving the
main text being mistaken as part of the comments.

Fail cases

As already mentioned in the previous section the main drawback of the presented

approach is that compared to the competition it introduces more noise in the provided

segmentations. For completeness, in Fig. 5.4 we provide some more criticalities of the

proposed framework together with the original image and the corresponding ground

truth. In particular, other than the typical misclassification of foreground elements

(Fig. 5.4d) we can notice three main instances of recurrent mistakes. The first

one is represented by the edge of the pages of the documents which, being lighter

than the black background introduces an area of high contrast that is identified both

by the model and by the thresholding algorithm as part of the text (Fig. 5.4b). A

similar occurrence can be observed for degraded areas in the page’s background, these

areas are, in fact, typically darker than the rest of the background and are once again
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Backbone
CB55 CSG18 CSG863 Mean

Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1
FCN 0,871 0,850 0,728 0,820 0,887 0,876 0,773 0,847 0,884 0,874 0,770 0,851 0,881 0,867 0,757 0,839
LRASPP 0,801 0,770 0,614 0,718 0,815 0,835 0,718 0,797 0,919 0,908 0,858 0,912 0,845 0,838 0,730 0,809
PSPNET 0,849 0,828 0,694 0,792 0,877 0,869 0,761 0,838 0,901 0,887 0,801 0,876 0,876 0,861 0,752 0,835
DeepLabV3 0,873 0,853 0,734 0,824 0,891 0,881 0,781 0,854 0,882 0,869 0,762 0,845 0,882 0,868 0,759 0,841
DeepLabV3+ 0.918 0.908 0.827 0.894 0.926 0.923 0.855 0.910 0.931 0.927 0.863 0.917 0.925 0.919 0.848 0.907

Table 5.3: Comparison between the use of different neural network architectures as the
segmentation backbone for our model, in bold is reported the best-performing model.

misclassified as foreground elements (Fig. 5.4a). Finally, we have the misclassification

caused by the text belonging to the page adjacent to the currently analyzed instance,

which while correctly identified as part of the text by our model, is not included in the

ground truth segmentations (Fig. 5.4c). This last case, however, is highly dependent

on the coarse cropping process of the instances of the different datasets which don’t

precisely include only the elements of the current page and, as such, is easily solvable

by refining the crops.

5.3.3 Ablation study

In this section, we provide the details regarding the ablation study we conducted in

order to obtain the final version of the proposed framework. In particular, we show

the effects that different segmentation backbones and patch sizes for the generated

instances have on the performance of our approach for the task at hand. Furthermore,

we provide a comparison between the performance of the baseline model and the models

enhanced with the additional modules introduced in this work in order to provide proof

of their effectiveness.

Backbones

Tab. 5.3 shows a comparison of the performance of our framework when using different

backbones for the segmentation module. For this comparison, we selected a set of re-

cent and popular semantic segmentation networks (DeepLabV3 [15], DeepLabV3+ [16],

FCN [49], LRASPP [36] and PSPNet [73]). To allow for a fair comparison, all the mod-

els have been trained and tested with the exact same setup, with 2 images for each

document class as the training set and a consistent patch size of 672 × 672 px. As

we can see, all the models provide reasonably good performance on the task at hand,

achieving an IoU higher than 70% and a performance of over 80% for all the remaining
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Patch size
CB55 CSG18 CSG863 Mean

Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1
224 0.911 0.900 0.813 0.884 0.920 0.916 0.843 0.900 0.919 0.917 0.846 0.904 0.917 0.911 0.834 0.896
336 0.916 0.906 0.823 0.891 0.925 0.920 0.849 0.905 0.928 0.926 0.860 0.916 0.923 0.917 0.844 0.904
672 0.918 0.908 0.827 0.894 0.926 0.923 0.855 0.910 0.931 0.927 0.863 0.917 0.925 0.919 0.848 0.907

Table 5.4: Comparison between the adoption of different patch sizes during the instance
generation process of our framework, in bold is reported the best-performing model.

Our Modules
CB55 CSG18 CSG863 Mean

Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1 Prec Rec IoU F1
Ours (baseline) 0.907 0.900 0.815 0.884 0.926 0.923 0.860 0.912 0.917 0.914 0.840 0.900 0.917 0.912 0.838 0.899
Ours (w/ dynamic crop gen.) 0.918 0.908 0.827 0.894 0.926 0.923 0.855 0.912 0.931 0.927 0.863 0.917 0.925 0.919 0.848 0.907
Ours (w/ seg. refinement) 0.979 0.978 0.967 0.976 0.981 0.978 0.963 0.979 0.982 0.980 0.965 0.980 0.981 0.979 0.965 0.978
Ours (w/ both) 0.989 0.987 0.977 0.988 0.983 0.982 0.967 0.982 0.986 0.983 0.971 0.984 0.986 0.984 0.972 0.985

Table 5.5: Results of the ablation study. Each row shows the performance of the
different versions of our system across all the selected metrics for the 4 classes of
manuscripts composing the DIVA-HisDB dataset. The last four columns show the
mean scores achieved by the models across the different classe.

metrics. From this analysis, it emerges that DeepLabV3+ consistently outperforms all

other models on each of the selected metrics and on all the document classes present

in the dataset, achieving a mean improvement of 6.23% over the second-best model,

represented by its predecessor DeepLabV3. A particularly interesting boost in perfor-

mance is achieved for the IoU metrics, where an increase of almost 9% is obtained by

the former over the latter.

Patch sizes

A further comparison has been performed by exploring the adoption of different sizes for

the crops of the instances being provided to the backbone networks. In particular, we

selected 3 different sizes, going from the standard 224×224 which is the size used by all

the pre-trained models available in PyTorch, to a much larger 672×672. The results of

this comparison are shown in Tab. 5.4. In this case, the difference in performance wasn’t

as substantial as the one resulting from the adoption of different types of segmentation

backbones. In particular, we can notice that the difference between the best and

the worst performing models, which are the ones adopting the largest and smallest

patch sizes respectively, is on mean around 1%. A potential explanation behind the

improved performance corresponding to the adoption of larger patch sizes is that the

model to which they are given in input is able to capture a higher amount of contextual

information regarding the layout of the original image from which they are extracted,
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metric to a very substantial 13.3% for the Intersection over Union one, with a mean

improvement of 9% across all metrics when compared to the baseline approach.

As additional proof of the effectiveness of the proposed approach. In Fig. 5.5 we

provide a qualitative comparison between the segmentation masks provided by the

baseline and the final framework, while also showing the corresponding ground truth

as a reference.

5.3.4 Discussion

In this chapter, we proposed an effective framework to address the underexplored prob-

lem of few-shot document layout analysis. Our approach introduces two original mod-

ules, the dynamic instance generation and the segmentation refinement, which enhance

the capabilities of a core image segmentation backbone, enabling it to fully exploit the

limited training data available and to achieve pixel-precise page segmentations.

When compared to widely adopted image segmentation algorithms, our model

consistently outperforms them while requiring only a fraction of the training data

and maintaining a computational cost comparable to that of the backbone network

(DeepLabV3+). Moreover, in comparison with the current state-of-the-art framework,

our method achieves comparable performance across all standard evaluation metrics

on the DIVA-HisDB dataset. Extending the evaluation to three additional datasets

(U-DIADS-Bib, Bukhari, and TobaccoSeg) further demonstrates the robustness and

versatility of our approach, showing that it generalizes effectively across domains and

delivers reliable results both on complex historical manuscripts and on contemporary

industrial documents.

Although the results are very promising, some limitations remain. In future work,

we plan to investigate more advanced refinement strategies to further enhance the

accuracy and sharpness of the segmentation maps.





6
Conclusions and Future Work

This thesis has addressed the problem of document image segmentation under lim-

ited data conditions, with a particular focus on industrial and historical documents.

The central motivation behind this work has been the dual challenge posed by the

scarcity of annotated data and the high degree of domain variability that characterizes

real-world scenarios. In many practical contexts, producing pixel-precise ground truth

is not only costly but often infeasible, especially for historical documents, where the

complexity of layouts, degradations, and diverse scripts further complicates annota-

tion efforts. Similarly, in industrial settings, document formats can vary significantly

between companies, departments, or even production batches, making large-scale data

collection and standardization impractical. To tackle these challenges, this research

proposed novel methodological contributions that go beyond the direct application of

existing approaches. Alongside the use of transfer learning and few-shot principles,

the thesis introduced new architectural solutions and adaptation mechanisms specifi-

cally designed for low-resource document segmentation. These include the design of a

few-shot learning framework tailored to document structures, customized pre-training

and fine-tuning pipelines, and architectural refinements allowing models to generalize

across heterogeneous document domains. These contributions were further supported

by the creation of new datasets and extensive experimental validation.

The research unfolded through several key contributions. First, a systematic study

of the challenges associated with low-resource document layout analysis was carried out,

highlighting how annotation scarcity and structural variability directly affect model

generalization. Second, two novel datasets were introduced, one for industrial docu-
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ments and one for historical manuscripts, both designed to support reproducible re-

search in this field. Third, the thesis provided a comparative analysis of transfer learn-

ing strategies together with an original domain-specific pre-training pipeline, demon-

strating that even limited targeted pre-training may outperform large-scale generic

alternatives. Finally, a novel few-shot segmentation framework was proposed, com-

bining architectural modifications and prototype-based adaptation strategies. This

framework showed that accurate segmentation can be achieved with only a handful

of annotated samples and demonstrated strong cross-domain generalization between

industrial and historical collections.

Taken together, these results indicate that the combination of knowledge transfer

and few-shot generalization constitutes a promising direction for developing document

layout analysis systems that are both effective and practical. The work confirms that

carefully designed training strategies can compensate for the absence of large annotated

corpora and that models trained in this way can adapt to diverse document domains,

bridging the gap between theoretical research and real-world applicability.

Despite these advances, several open challenges remain and define potential av-

enues for future research. One important direction concerns domain adaptation and

continuous generalization: although the proposed approaches exhibit transferability

across contexts, extreme domain shifts remain difficult to handle. Methods based on

meta-learning, unsupervised adaptation, or continual learning could provide more ro-

bust solutions when encountering entirely new types of documents. Another promising

perspective lies in the integration of multimodal approaches that combine visual and

textual information. Vision–language models, in particular, could enhance segmenta-

tion with semantic understanding, which is especially relevant for degraded or complex

historical materials.

The creation of training data remains a fundamental bottleneck. Advances in syn-

thetic data generation, annotation-efficient pipelines, and human-in-the-loop systems

could substantially reduce the costs associated with building ground truth and acceler-

ate the release of new benchmarks. Furthermore, the practical deployment of segmen-

tation systems will require more efficient models, optimized for resource-constrained

environments typical of both industrial applications and large-scale digital humani-

ties projects. Model compression and lightweight architectures therefore represent an

essential line of future investigation.

Finally, closer interdisciplinary collaborations will be crucial, especially for histor-
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ical documents, where the involvement of domain experts not only ensures accurate

annotations but also helps to define segmentation criteria that are meaningful from a

scholarly perspective.

In conclusion, this thesis has shown that effective document segmentation in low-

data regimes is achievable through transfer learning and few-shot strategies. At the

same time, it has highlighted the importance of continuing research aimed at improving

robustness, scalability, and semantic awareness. By advancing along these directions,

future systems will be able to support both industrial efficiency and cultural heritage

preservation, ultimately making document layout analysis a mature and versatile tech-

nology for real-world deployment.
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feature benchmarking and evaluation for historical document image analysis. In-

ternational Journal on Document Analysis and Recognition (IJDAR), 20(1):1–35,

Mar 2017.

[51] Maroua Mehri, Nibal Nayef, Pierre Héroux, Petra Gomez-Krämer, and Rémy
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