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Abstract

The aim of the project, in collaboration with the company Expert.ai, is to implement a new system
called Sapient which stands for ‘Semantic and Automatic Processing of Information about Environ-
ment’.

The project grew out of the need to process a multitude of complex documents, i.e. those
containing information in multiple objects such as graphs, tables, etc. For this purpose, it is
necessary to segment complex texts into homogeneous areas i.e. to identify the different parts that
make up a document with its relative location.

This system is part of a broader one able to recognise the characters of a document and is known
as Optical Character Recognition (OCR). The analysis of the structure of a document by classifying
it into its components such as title, figures, tables, main text etc. is of great importance and is the
main objective of the project. In the Literature this topic is known as Document Layout Analysis
(DLA).

This project operates in the area of computer vision and specifically of pattern recognition in
as much as documents are generally in PDF format and thus more related to an image than a
text document. For the purposes of the system, the objective is not only to classify and locate the
components of a text, but also to segment each component so that it can be extracted in an orderly
manner. Therefore, Semantic Segmentation appears to be the best model for this purpose. In fact,
it is not just an object detection problem, which is the mere identification and localisation of the
document components within the same image, but also the capacity to classify the image pixel by
pixel.

The classification pipeline is initially divided into two consequential steps: layout analysis and
text-only analysis. For the solution of the first phase, an end-to-end Convolutional Neural Network
(CNN) implementing dilated convolution is used, while for the second phase, an end-to-end multi-
scale CNN is used; a heuristic within the framework of mathematical morphology is also defined for
the same purpose. Finally, the segmentation of all classes simultaneously was achieved by means of
another end-to-end CNN model.

The final classification allows for the segmentation of both the text and the non-text parts,
thus having a final breakdown of the document into: all text parts, tables and images for non-text
components and title, authors, abstract, paragraphs and its title, header, footer, notes, caption and
finally lists for the segmentation of the text alone. The same classes are found in the simultaneous
segmentation of text and non-text components.

The comparison with the vast Literature available, explains how this system describes an alter-
native overall model for DLA.

Keywords: Optical Character Recognition, Document Layout Analysis, Semantic Segmentation,
Convolutional Neural Network, Mathematical Morphology.
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Introduction

The last few decades have seen a surge in automated systems, commonly referred to as Artificial
Intelligence because they perform so well that they can be compared to some human cognitive
abilities. Reading is a typical ability of the human mind but in some cases it can also be performed
by automatic systems.

Such systems are capable of recognising the characters of a text and extracting them from a
generic document and this is known as Optical Character Recognition (OCR).

For this purpose, the extraction and organisation of information taken from written texts in
structured and unstructured formats as studied in Document Layout Analysis (DLA) is a key field
in the context of OCR.

The need to manipulate large volumes of documents has become increasingly relevant whatever
they may be: old scanned texts as much as computer-generated files and layout analysis plays
a crucial role in determining the structure and the relationship between the various visual and
textual elements present in the document. DLA is part of OCR systems as the latter represent the
technology for the automatic extraction of a text document into digital format. OCR systems have
as their main objective the recognition of characters and their transcription into digital format. DLA
deals with analysing the structure and visual organisation of the document, such as the arrangement
of paragraphs, columns, images, tables and other graphic elements and is therefore a fundamental
phase for OCR as it gives an order to the various parts of text.

Since text documents, whether historical or generic, often report a purely aesthetically-oriented
layout, inserting graphic parts or other objects of minor importance, the analysis of the layout is
necessary to be able to identify and sort them. The importance of these kinds of system is, not only
because it is able to simulate human reading, but above all because text analysis indirectly provides
numerous applications such as the automatic processing of large quantities of documents, the entry
of data from paper documents, including handwritten ones (such as invoices, receipts, passports,
business cards, mail... etc.) and the web interface to paper documents.

Generally speaking, documents contain a plethora of important information, related not only
to scientific papers, but also produced by companies or institutions that require such systems to
undergo an automatic analysis. It is often necessary to collect and extract this information in such
large quantities as to require the process to be automated. Today, many organisations around
the world, both governmental and non-governmental, still use paper documents from which it is
difficult to extract the data they need. In fact, the problem of going paperless is well known
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to companies: the intensive use of paper reduces efficiency in terms of cost and time, and has a
significant environmental impact due to deforestation, which is a co-factor in global warming. The
digitisation of paper documents is a necessity and therefore a technology that can recognise and
extract data from a generic document is essential.

Therefore, although the purpose is recognition and extraction of a text, there is mainly one
indirect implication which is the digitisation of the text itself. This allows the document to be
archived, making it easier to find. In addition, having a system capable of quickly accessing a large
amount of information allows its processing by reducing the amount of time and therefore energy
required compared to the manual methods used so far.

The aim of this Research project, in collaboration with the Expert.ai company, is to develop a
system capable of segmenting complex documents, namely those with a text layout in two columns
and the inclusion of tables and graphics. More specifically, the aim of the project is not only to clas-
sify and localise regions containing text, but also to segment regions containing other components,
such as graphics and tables. This stage of identifying the regions of the document that represent
all its components is crucial because it allows for a complete analysis of the document.

The Thesis has the following structure:

• Chapter 2: the definition of the aims and objectives of the project and the motivation behind
it.

• Chapter 3: the most significant results for the project found in the Literature on Document
Layout Analysis in particular in the field of Convolutional Neural Network and Mathematical
Morphology.

• Chapter 4: the explanation of the algorithm used to achieve the objectives and the mathe-
matical approaches underlying it.

• Chapter 5: the report on the acquisition and construction of the dataset for training the model.
The results obtained by the model and a comparison with the ones described in the Literature.
Moreover, the extent to which the project will lead to overall improvements in terms of both
energy consumption and the additional results such as digitisation and dematerialisation.
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Chapter 2

Aims and Objectives

In order to have a broader vision of the Sapient project, it is necessary to explain both the objectives
that the project sets itself and the motivations behind it. The project is part of a broader context
that sees the reduction of impacts on climate change as one of the pillars, not only in the context
of the PON Research and Innovation 2014-2020 [60], but also in various directives of European
political decision-making working towards the common goal of an eco-sustainable environment.

The amount of data and information is so wide that it is necessary for these to be analysed
efficiently and quickly in order to automate the process and consume the least amount of resources.
Any organization, especially if governmental, often needs to produce and process a large multitude
of documents, such as the Environmental Impact Assessment or reference to any European law etc.
This calls for an automatic system that, once it has found this documentation, can analyse it and at
the same time digitise and dematerialise it. In fact, even if the documentation is already produced
by a computer, what is not obvious is that it is possible to extract the information contained in it
and at the same time put a definitive end to the use of paper.

The analysis of environmental, economic, political, strategic and social information becomes a
complex operation that requires the collection of a lot of data which is available in many different
documents, generally in PDF format. This operation is very complex in many cases, for example,
when the documentation to be analysed consists of pages in which the text is reported in two or
more columns or in tables and graphs, i.e. when complex layouts are presented with more emphasis
on the aesthetic features rather than formal ones. In all these cases and others reported later, it’s
fundamental to have a good process for the partitioning of the text with the final aim of being able
to sort it in a way that reduces the margin of error in the recognition of characters and their transfer
into text document format.

The need for the Research Project, as previously mentioned, arose from the idea of reducing
environmental impact. Sapient makes it possible to process a large number of documents, through
partitioning, reducing paper consumption while at the same time optimising processing times and
therefore energy consumption.

The following chapter explains both the needs that led to Sapient’s conception, as well as how
it operates and finally the specific objectives that it sets out to solve.
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2.1. Environmental Considerations

2.1 Environmental Considerations

It is now clear that climate change is taking place, in fact, its effects are visible both in Europe
and in the rest of the world: increase in temperatures, changes in rainfall regimes, extreme weather
events such as intense rainfall, droughts and heatwaves, warming of the oceans and melting glaciers
are among the most detected phenomena. Scientists argue that, with high probability, the observed
changes are caused by human activities as they are linked to the increasing levels of carbon dioxide
and other greenhouse gases in our atmosphere produced by humans. The report of the Intergov-
ernmental Panel on Climate Change (IPCC) [10] already in 2014 stated: ‘It is extremely likely that
human influence has been the dominant cause of the observed warming since the mid-twentieth
century’. It is worrying to note that these changes have a major impact on both natural and en-
vironmental resources and societies, including the territories where people live, the different crops
and therefore all the economies that can thrive in certain areas.

The United Nations recognises that climate change is the greatest challenge of our time and
that its negative impact compromises the ability of states to implement sustainable development,
therefore, the survival of many societies and the planet’s biological support systems are at risk.
Understanding the increasing severity of climate change on ecosystems, biodiversity and human
systems and how best to reduce the negative effects requires a framework illustrating the risk that
climate change entails. In the context of climate change, the risk can arise from the dynamic in-
teractions between climate-related hazards, exposure and vulnerability of the human and ecological
systems concerned.

The vulnerability of exposed human and natural systems is a component of risk and can be
extremely different within communities and between societies, regions and countries, even changing
over time. Adaptation plays a key role in reducing exposure and vulnerability to climate change and,
in ecological systems, includes autonomous adjustments through ecological and evolutionary pro-
cesses. In the most extreme case, it can be transformative by changing the fundamental attributes
of a socio-ecological system in anticipation of the impact that climate change will bring.

Resilience in ecology has several meanings and adaptation is often defined with respect to re-
silience as the ability to return to a previous state after a disorder. More broadly, the term describes
not only the ability not to change essential structures, but also the ability to transform the system
itself into a new state.

Climate change is strongly focused on the interactions between ecosystems and human society
that are at the basis of the emerging risks, the degradation of ecosystems and the loss of biodiversity.
Human society can adapt and mitigate, while ecosystems can do the same but within certain limits,
so since human society has an impact on ecosystems, it has the task of restoring and conserving
them. Meeting the goals of climate-resilient development, thus supporting both human health and
that of the system and the planet, requires that society and ecosystems initiate a transition to a
more resilient state. Recognition of climate risks can strengthen adaptation and mitigation actions
and transitions that reduce risks. In order to mitigate these risks, global agreements have been
put in place. In fact recent political decisions regarding the environment have seen significant
developments across various fronts.

The first milestone on this issue was the Paris Agreement [79], adopted by 196 countries at
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2.1. Environmental Considerations

COP21 in December 2015, held in Paris. Its goal is to limit global warming to well below 2°C,
with efforts to limit it to 1.5°C above pre-industrial levels. Countries commit to nationally deter-
mined contributions (NDCs) and to increasing their ambition over time (UNEP - UN Environment
Programme).

After the Paris Agreement, several other significant international agreements and initiatives
have been established to further climate action and environmental protection:

• Kigali Amendment [61] to the Montreal Protocol (2016) with the purpose to reduce the use of
hydrofluorocarbons (HFCs), potent greenhouse gases used in refrigeration and air condition-
ing.

• the Global Pact for the Environment (Proposed 2017) an initiative to establish a comprehen-
sive international environmental treaty that consolidates principles of environmental law. It
seeks to unify various environmental agreements and provide a cohesive framework for global
environmental governance. Proposed by France in 2017 and endorsed by several countries and
organizations, but not yet adopted as a binding treaty (UNEP - UN Environment Programme).

• UN Climate Action Summit (2019) convened to boost ambition and accelerate actions to
implement the Paris Agreement.

• European Green Deal (2019) in which the European Union’s plan to make Europe the first
climate-neutral continent by 2050.

• Leaders’ Pledge for Nature on 2020 a commitment by world leaders to reverse biodiversity
loss by 2030.

• The Glasgow Climate Pact - Cop26 on 2021 [43] in which nearly 200 nations have seen their
commitments under the Paris Agreement strengthened and decided to close gaps in its imple-
mentation.

• The COP27 in Sharm El Sheikh in 2022 (United Nations-climate change) saw the establish-
ment of a loss and damage fund with the aim to assist vulnerable countries affected by climate
impacts. This was a great victory for developing countries. In addition, there was a renewed
commitment for the discussions to continue on NDCs and increased funding, although progress
was deemed slower than necessary to reach the 1.5°C target.

• The COP28 in Dubai in 2023 in which the EU encouraged the parties to:

– abandon progressively the use of fossil fuels in the energy sector by 2050

– triple the renewable energy efficiency and double the rate of improvement of energy
efficiency by 2030

• The COP29 in Baku where the target of 1.5°C has been reiterated with two primary points:

– improving ambition

– encouraging countries to increase their contributions and trasparency of action
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2.1. Environmental Considerations

These agreements and initiatives represent ongoing international efforts to build on the foundation
laid by the Paris Agreement, addressing various facets of climate change and environmental sus-
tainability through collective action and cooperation. To cope with climate change, a desire on
the part of the European Union is the topic of promoting a move towards a paperless organisation
both within private and public sectors. In fact, the transition to paperless operations in European
companies is being driven by both internal efficiency goals and external regulatory pressures from
the European Union. The EU has enacted several key directives and regulations to promote dig-
italisation and reduce paper usage in corporate and administrative processes. The following is an
overview of the most significant legislative measures:

• e-Cohesion Policy [25]: as part of the 2014–2020 programming period, the EU mandated
electronic data exchange systems for managing EU funds. These systems are required to facil-
itate administrative checks, ensure data security, and minimise the need for paper documents,
which are only requested in exceptional cases

• eIDAS Regulation [26]: this regulation standardises electronic identification and trust services
across EU member states, granting qualified electronic signatures the same legal standing as
handwritten ones. This facilitates the adoption of paperless processes in both public and
private sectors

• Electronic Invoicing [27]: the EU is moving towards mandatory electronic invoicing (e-invoicing)
for businesses, aiming to reduce administrative burdens and enhance transparency in commer-
cial transactions. While implementation varies country to country, the trend is towards wider
adoption

Italy has embarked on a comprehensive journey to digitise its public administration, aiming to
enhance efficiency, reduce paper usage, and improve citizen services. This transformation is guided
by several strategic initiatives and legislative frameworks:

• Code of Digital Administration (CAD) [46]: the CAD serves as the cornerstone for Italy’s
digital transformation. It mandates the use of digital tools in public administration, including
electronic documents, digital signatures, and electronic identity systems. The CAD envisions
a "teleadministration" model, where administrative procedures are conducted electronically,
promoting transparency and efficiency

• Three-Year Plan for Information Technology in Public Administration [1]: published by the
Agency for Digital Italy (AgID), this strategic document outlines the roadmap for digital
transformation in the public sector. Key objectives include the adoption of a cloud-first ap-
proach modernising IT infrastructure in order also to enhance the interoperability between
public administration systems and moreover, improving digital services for citizens and busi-
nesses.

• Public Administration Cloud (PA Cloud) [2]: AgID’s cloud strategy aims to consolidate and
rationalise public administration data centers by migrating services to the cloud. This ini-
tiative seeks to improve service levels and at the same time open the market to small and
medium-sized enterprises (SMEs).
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• Public Administration Reform under the National Recovery and Resilience Plan [24] in which
Italy is undertaking a comprehensive reform of its public administration. The main aim is to
simplify rules and procedures to better serve citizens and businesses.

These initiatives collectively represent Italy’s commitment to a paperless and digitally empowered
public administration. By leveraging technology and fostering digital skills, Italy aims to enhance
service delivery and to promote transparency within the European context.
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2.2 Optical Character Recognition system

In order to better understand the specific objectives of the Project, it is necessary to give a descrip-
tion of the areas in which it operates with a purely illustrative purpose without therefore entering
into the merits of the techniques used. In fact, the partitioning of a text document that is the aim of
the Project is part of a broader system known as Optical Character Recognition (OCR) which has
the objective of recognising the characters of a text. OCR is the process of scanning handwritten
or printed text to recognise the corresponding graphic characters.

Since such data is extracted and reported in a text-extension document, it is also widely used
as data entry for documents of any type such as passports, invoices, bank statements, receipts
and others. In fact, the indirect result is the digitisation of printed text so that it can be edited,
searched, stored more compactly, viewed online and used in processes such as machine translation,
text-to-speech, key data and text mining.

Literature suggests [21, 80] that the first patent for OCR was obtained by Tauscheck in 1929 in
Germany. He built a machine able to read characters and numerals. The idea behind his machine
was an optical and mechanical template matching and it was able to recognise characters on paper.
However, it was not until 1965 that IBM brought out the first commercial OCR machine [44], ‘IBM
1287’, which was able to read also handwritten numbers.

From a historical point of view, these precursors were of great importance but the arrival of
the computer age changed everything. In fact, it has become possible to implement methods which
are more computationally complex. Today, there are many open source OCRs available to any
user. Examples of these are listed below to show how they have evolved over time. An example
is Tesseract [75], released in 1995, uses purely mathematical tools (such as spline functions for
baseline determination or space measurement to determine lines of text) that, step by step, are able
to recognise the characters in a text and extract them.

The development of deep learning in many fields, such as object detection with YOLO model
[67], has led to the use of these systems, which perform better than their predecessors [82]. These
systems have been extensively developed and require multiple models, even within the field of deep
learning. One example is the open-source MMOCR system [50]. This describes a complete pipeline
for text detection and recognition, including all the necessary intermediate steps using 14 deep
learning algorithms.

As far as the Project is concerned, its aim is to break down a generic text file into its components
so that it can be sorted i.e. to identify both the objects that make up the document, such as images,
graphs, tables, etc. and to classify the pure text parts according to their function such as the title,
abstract, main text, etc. In fact, in order to extract characters in an orderly manner, it is necessary
to implement a partition of the document in question both at layout level and at text line level
to distinguish all the components of the document. In this way, the document is divided into
homogeneous areas that can be analysed for any type of document, including those with complex
layouts i.e. containing tables, graphics and other objects. In addition, the order of the text parts to
be extracted and recognised is maintained in the output. This problem is known in the Literature
as Document Layout Analysis (DLA), as the State of the Art chapter clarifies.

In the following paragraph, there is a concise description of all the phases of an OCR system,
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explaining the systems mentioned above, including the segmentation phase upon which the project
is focused.

Optical Character Recognition phases

For descriptive purposes only, the steps implemented by these systems are listed below. A typical
OCR system consists of several components, as shown in 2.1.

Figure 2.1: OCR phases

The first phase in OCR is optical scanning, this process creates an image of the paper document
using a scanning device that converts light intensity into grey levels. Typically, the document is
returned as a Portable Document Format (PDF) file containing all the images for each page of
the document. Once the document has been captured, it is usually pre-processed: the raw data,
depending on the type of capture, undergoes a series of pre-processing steps to make it usable in
the subsequent stages of image analysis. In fact, the image resulting from the scanning process may
contain noise, depending on the resolution of the scanner, characters may be blurred or broken and
some layout components such as images etc. may not have good resolution.

Nowadays, however, software enables documents to be created and shared directly so this step
can also be useful for computer-generated documents. In any case, the documents are usually in
PDF format, which is processed and returned as a series of images for affinity. Errors can occur in
this transformation, which is why the pre-processing phase can be necessary. These defects can cause
incorrect separation of text components and errors in the subsequent character recognition stage.
Therefore, they are eliminated by the pre-processing step, which, thanks to certain techniques, allows
the smoothing of the digitised characters, as well as the filling, which eliminates small interruptions,
gaps and holes. This pre-processing phase produces a clean character image, i.e. a normalised
image with sufficient shape information, high compression and low noise. The main objectives of
pre-processing can be:
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• binarisation

• skew detection and correction

• noise removal

• thinning

• normalisation of the data

Then after this stage, the images of the document to be partitioned are increased in quality, and
for some cases can be binary, i.e. assuming only 0 values, generally for the text parts, and 1 for the
background.

The design of an OCR, as reported in [74], is de facto the definition of layout segmentation,
feature extraction and text recognition steps. These processes are highly interdependent and for
descriptive reasons these have been divided into stages but methods implement them organically.

The step of layout segmentation consists of the location and the identification of the various text
components. It is necessary to identify the areas of the document that contain printed data and are
distinct from figures, graphs or tables. This is where the Sapient project comes in. After segmen-
tation, each symbol is extracted for regions containing text. The main objectives in segmentation
are:

• identification of the graphic part or other components such as tables with the text and vice
versa

• identification of paragraphs and different parts of text and text line segmentation

Since the ultimate aim of this phase is the isolation of the characters, in an orderly manner,
the segmentation takes place at both layout and text level. It is in fact necessary to isolate the
components relating to the written text from all parts that do not contain characters such as im-
ages, graphics etc. This leads to the partitioning of the image into areas containing text and the
subsequent isolation of the individual characters. Segmentation is important because the degree of
separation between the lines of the different characters directly influences the recognition perfor-
mance of the individual characters. In the case of handwritten documents, segmentation serves to
isolate lines and curves even in italic characters.

Therefore, as already mentioned, the ultimate purpose of such systems is to recognise the char-
acters of a text, but since it is necessary to sort them first, the partition phase is of paramount
importance. Output of this phase is then to have the image itself but partitioned, which in the
specific case of text images entails a segmentation at both paragraph and text line level in order to
have a sorting of characters by homogeneous blocks.

The segmentation phase is followed by the representation of each character type, that from
the point of view of an OCR system represents the feature extraction and plays one of the most
important roles in any recognition system. In order to minimise the complexity of the recognition
step and thus to increase the accuracy of the algorithms used for character recognition, it is necessary
to obtain a more compact and characteristic representation of the characters. Thus, for each class, a
set of features is extracted on the basis of which it will be possible to distinguish each character from
other classes, while remaining invariant to differences in features within the same class. The main
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objective of the representation is to extract and select a set of features that maximises the recognition
rate with the least number of elements. The aim is to obtain more representative information from
the raw data, minimising the variability of patterns within the class, while improving the variability
of patterns between classes. The extraction of the features has the aim of capturing the essential
characteristics of symbols and is considered one of the most difficult problems in pattern recognition.
The Literature is full of algorithms, also in the field of Deep Learning, that explain how this phase
is carried out effectively.

The representation phase is followed by the training and recognition process that is the compo-
nent of OCR system where each character is recognised thus producing a classification. This phase
predominantly relies on pattern recognition, which categorizes unknown samples into predefined
classes. After the training of the classification, it is then a matter of finding a match between the
new character to be identified and its previous representation. For this purpose, many different tech-
niques can be found in the Literature that identify four primary approaches to pattern recognition
generally used in OCR systems:

• Template matching

• Statistical techniques

• Structural techniques

• Artificial Neural Networks (ANNs)

These approaches often overlap and techniques from one category may also be applicable in others.
Template matching in OCR varies widely as it is based on the chosen feature set for representing
images. Features can range from simple grayscale images to more complex graph-based character
representations. Template matching can use different algorithms to classify the new character e.g.
direct comparison with a set of stored prototypes and the degree of similarity is measured using
metrics like Euclidean distance, decision trees, image deformation to match an unknown character
with known templates by adjusting the contours of the image. The amount of deformation needed to
match the two characters is used to compute a dissimilarity measure and finally, relaxation matching
which involves symbolic-level image matching using feature-based descriptions. The image elements
are compared to models, and the best match is found by searching in a multidimensional space.
These techniques use statistical decision theory, which aims to maximize the probability of observing
a given pattern based on a model of a specific class. The Literature is very extensive about these
algorithms and Artificial Neural Networks (ANNs) have also been used for this purpose. This
approach offers a highly parallel architecture, enabling the networks to perform computations faster
than traditional methods. ANNs adapt to new data and learn the characteristics of input signals.
These networks are trained with large datasets to recognise characters, and the recognition process
benefits from the network’s ability to learn from examples.

Finally, the last step of OCR is post-processing. Some of the most common post-processing
activities are grouping and error detection and correction. Most of these are found through clustering
i.e. once it has been defined which characters are assimilated, all others are eliminated. Another
method of finding these errors is through the use of context i.e. defining the characters that are
not relevant in that particular part of the text. This step therefore allows the OCR task to be
completed to the full, eliminating everything that does not lead the system to be accurate.
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After all these steps, the output document generated by OCR is a text format, so from a generic
document, probably in PDF format, the result is the digitalised document.
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2.3 Specific objectives of Sapient

The project Sapient arose from the need to implement an efficient method of partitioning any
document into its components. In order to explain the objectives of the project, the description of
the type of text posed for analysis is given. In fact, texts are generally divided according to their
layout, and this can be subdivided, as reported in [34], into six types: rectangular, Manhattan,
non-Manhattan, multi-column Manhattan, horizontal overlay and diagonal overlay.

Figure 2.2: Different kinds of layouts [34]

The main difference is the regularity of the layout in the position and orientation of the text.
In figure 2.2 (a) we can note a handwritten rectangular layout while in figure 2.2 (b) there is a

handwritten Manhattan layout on the right and Manhattan containing multi-paragraphs on the left.
Non-Manhattan layouts are those that have areas of non-rectangular shapes (see 2.2 (c)). Then,
multi-column Manhattan as shown in figure 2.2 (d) commonly found in technical articles, journals,
official memos etc. Finally, overlapping layouts may have one text superimposed on another and
this may be due to the transparency of the initial text. These can be horizontal 2.2 (e) or diagonal
overlay 2.2 (f). Non-regular layouts are characterised by texts with varying orientation and these
kinds of layouts can be handwritten or typed using different styles, varied fonts and/or font sizes.
These different types of layouts were identified because one branch of the analysis of document
layouts concerns handwritten documents.

The project focuses on complex text documents, though not handwritten, of the multi-column
Manhattan type because they contain a variety of features such as graphs, tables, images and so
on. In fact, the dataset used, as explained in 5.2, contains scientific and non-scientific articles from
various journals.
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For the segmentation of a text document, in which the different components are distinguished,
the following classes have been defined: Header and Footer, Title, Authors, Abstract, Paragraph
Title, Paragraph, Lists, Notes, Graphics and Tables and their relative Captions. The figure 2.4
shows an example of a text file divided into its component parts according to the text partitioning.
The image was created by overlaying a text image with its corresponding label from the dataset
used to train the model and it shows the components of a generic text file and specifically: header
in turquoise and footer in magenta, title in black, images in grey, authors in yellow, paragraph title
in blue, abstract in red, main text in aquamarine and notes in grapecolor.

Figure 2.3: Example of Semantic Areas of a text image
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Therefore, it is also necessary to recognise all the others classes such as Tables and Graphics
etc.

Figure 2.4: Example of Semantic Areas of a text image
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The case shown in figure 2.5 is that of an image and its caption within a document. The purpose
in this case, in addition to identifying the graph as an image, is not to consider the caption below
the image as an integral part of the main text, but as something external to it, referring only to the
graphic.

Figure 2.5: Example of a graph and its relative caption

Another aim is the recognition of tables as a separate object (an example in figure 2.6). This is
in order to enable the sorting of text contained in and related to this table and not to mistakenly
consider such characters as part of the preceding or following text.

Figure 2.6: Table of a scientific article
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Chapter 3

State of the Art

The partitioning problem posed by the project goes back to a topic known as Document Layout
Analysis (DLA) and focuses on the analysis of a generic text document. This problem is well
documented in the Literature and has been studied extensively, thus generating a large number of
results.

DLA refers to the process of analysing the structure of a document and the goal is to classify
the various elements within the document such as text, images, tables, headings, paragraphs, etc.
and their relationships. This analysis helps in organizing, indexing, and extracting meaningful in-
formation from documents. In fact, the purpose of Document Layout Analysis (DLA) is both to
classify and locate components that belong to the physical structure of documents [34] to facilitate
the subsequent recognition phases by identifying homogeneous blocks and determining the relation-
ships between these. The ultimate aim is ordering the different components that make up the whole
document. In fact, the complexity of analysing a generic document lies in the fact that these can
have more aesthetically oriented layouts as well as contain many different objects such as graphs or
tables.

The Literature shows that the DLA algorithms can vary depending on the document layout
and the components of the final analysis. In this respect no universal DLA algorithm has yet
been developed that fits all types of document layouts or satisfies all analysis components, which,
as already explained, is fundamental for OCR systems. The problem has been approached in
a variety of ways. However, generally it is subdivided into three main types of layout analysis
strategy: bottom-up, top-down and hybrid [34]. The bottom-up strategy starts the analysis from
smaller granularity data levels of an image such as pixels, characters, components, or words. It then
combines homogeneous elements to form larger regions merging or grouping elements by similarity.
It continues to form larger homogeneous regions until it reaches predefined stopping conditions. It
estimates the parameters using statistics of pixel distributions, properties of connected components,
words, text lines, or regions. The main advantage of bottom-up methods is that they are able to
classify text of any shape, while the disadvantage is that they do not take into account higher-level
structures in the image, such as columns, and this often leads to obtaining excessively fragmented
regions. A top-down strategy, on the other hand, starts with a large region of the document and

17



Chapter 3. State of the Art

breaks it down into smaller zones, such as columns of text, according to certain homogeneity rules.
The top-down analysis stops when there are no more zones to subdivide or when certain stop
conditions have been reached. Finally, the integration of both strategies (bottom-up and top-down)
results in a so-called hybrid strategy.

In order to have an historical overview of DLA, it is important to refer to the International
Conference on Document Analysis and Recognition (ICDAR) Challenge. The ICDAR Conference
[45] is one of the leading international conferences focused on document analysis and content recog-
nition and is a reference event for researchers and industry professionals dealing with document
Image Processing, Pattern Recognition, Optical Character Recognition (OCR), Document Layout
Segmentation, and other related areas. On the basis of the findings of this International Conference,
the Literature presents a lot of papers. For the purposes of this project, this chapter will only report
the results most relevant to the project. In fact, the following section presents the most important
results found in the Literature to date. The project focuses on the classification of document com-
ponents, i.e. the segmentation of the layout as well as the text itself including titles, abstracts, etc.
The attention of the project, as mentioned in the objectives, has been focused on non-manuscript
complex documents. There are now a large number of scientific papers in the Literature that have
used Neural Networks to classify the different components of a text. In this Thesis the Literature
has been divided into two main topics: Mathematical Morphology and Semantic Segmentation us-
ing convolutional Neural Network. Since there are algorithms using both techniques, the State of
the Art reports also the results from these mixed methods.

This review of the State of the Art is not intended to be exhaustive, but rather to provide an
overview of what has inspired the development of the project.
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3.1 Document Layout Analysis in Convolutional Neural Networks

This section lists the Literature relating to the DLA in the field of CNN, highlighting the articles
most relevant to the project and classifying them according to which components they segment.

In fact, the Literature presents numerous models based on end-to-end convolutional Neural
Networks for the segmentation of the desired component.

Regarding the segmentation of the table and its contents, Table-net [63] presents an end-to-end
network for both table detection and also textline segmentation therein. These are two related
problems in that the latter is a subproblem of the former. For the solution, the Fully Connected
Network was used, as in [57], in which the encoding branch is given by the pre-trained VGG-19
Network where the fully connected layers are replaced with two convolutional layers. Each of these
convolutional layers uses the ReLU activation followed by a dropout layer. The decoding branch
consists of two paths, one for the detection of the entire table and one for the segmentation of the
columns within the table. So, the encoder branch is the same for both tasks i.e. the features are
extracted from the whole image while the ground truth is represented by two masks, one for the
whole table and the second for the internal columns. The idea is to enforce the encoding layers
using as a ground truth the masks for both table and column segmentation. The paper proposes
more experiments with different compositions, for the encoding path, of FCN [57] and other CNN
architectures, reporting the best results for the pure Table-net model (i.e. the pre-trained VGG-19).

DeepDeSRT [72] proposes a system that divides the problem into two phases: the first detects
tables within the document image, and the second recognises the structure of the tables, i.e. the
identification of rows, columns and cell positions in the detected tables. Conceptually, the task of
detecting tables in scanned document images is closely related to object detection in natural scene
images. Based on this similarity, the paper applies domain adaptation and transfer learning tech-
niques, leveraging deep learning-based object detection frameworks originally developed for natural
scenes by selecting Faster R-CNN (FRCNN). FRCNN comprises two main components: a region
proposal network (RPN), which identifies candidate regions within the input image, and a Fast
R-CNN classifier, which assigns class labels to these regions. Both components share convolutional
features and are trained jointly in an end-to-end manner. Because the model tended to classify all
content within a table as continuous rows of pixels, a pre-processing step has been introduced in
order to improve the visual separation between rows and other elements of the table. Once a table
has been successfully detected and its position is known, the next challenge is to identify and localise
the rows and columns that define its physical structure. To solve this task, the FCN architecture
is used, which consists of applying fixed resizing factors to skip-pooled features before merging and
using skip connections to merge the features of the pool2 and pool1 and pool4 and pool3 layers of
the underlying VGG-16 network. To further refine the results, the system incorporates light post-
processing to correct three common issues: spurious fragments, separated structures, and merged
elements. The system reports F1 scores of 0.9677 for table detection and 0.9144 for table structure.

In the case of segmentation of the main text only, with the aim of excluding all other components
not belonging to this, DEEP-PdF [76] uses the Unet CNN. As is well-known, especially for complex
text documents such as scientific papers, a generic document contains many different objects such
as images, tables, graphs and so on. The purpose of [76] is not to segment all the above-mentioned
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objects from the text, but to segment the main text i.e. to take out all the text parts that don’t
belong to the principal paragraph, for example abstract, references etc. The network reports very
good results (accuracy on the validation set of 94.32%) with a small data set, in fact it uses a
dataset composed of 366 images for the training.

The paper [54] presents a model that derives from the U-net architecture [70] but it implements
Trainable Multiplication Layers (TMLs) instead of the classical convolutional layers. These layers
take into account the texture information of a text in order to have a more accurate segmenta-
tion of the document. Text recognition is done by considering not only the local information of
each character, but also the texture of entire text regions where a high correlation is present with
neighbouring pixels. Therefore, they define an end to end architecture where that of the U-Net is
combined with TMLs. TML layers are placed behind the convolutional layers in order to extract
co-occurring features, and by multiplying the co-occurring values at regular intervals, texture-type
features can be extracted through the trained filters. The paper [54] makes a comparison between
U-net and TMLs and concludes that the classification of main text and tables performs better than
by just using convolutional filters.

The subsequent Literature section aims to segment multiple components of a document, often
using several end-to-end CNN’s in sequence, each with a limited set of objectives.

The paper [68] presents a document layout analysis segmentation of historical document images.
These kinds of document present complex layouts (similar to scientific papers) that comprehend a
wide variety of features that disturb layout analysis, such as multiple columns, drop capitals and
illustrations, skewed or curved text lines, noise, annotations, etc. In order to segment all these
different objects the system implements a pixel-wise segmentation with the U-Net architecture [70]
where a ResNet-50 [38] is used for the encoder path and the decoder one follows dhsegment [4].
The model implements the CNN in several consequential stages and for some cases it is joined by
heuristics. The first stage is to enhance the document itself so it implements the end to end CNN
with, as a ground truth, the corresponding image with high quality. The second one is to detect the
main objects and it leads to the segmentation of text regions, images, separators and background.
To detect drop capitals and headings another pixel-wise segmentation has been applied. Finally,
it can segment marginals with a heuristic. After the previous segmentations comes the textline
detection re-implementing the end-to-end network and a heuristic to construct bounding boxes.
The model can also segment vertical and mixed orientations textline (thanks to the CNN) and solve
the deskewing problems by a heuristic based on the difference in pixel density due to the rotation of
the text. Moreover, it can detect curve textline by identifying the outline of a text region and the
corresponding text line segmentation. Finally, it sorts the reading order by top down and left to
right. The comprehensive model has been compared to the State of the Art for each of the separate
stages and this shows an increase in the overall weighted success rate.

The paper [88] illustrates the composition of multiple end-to-end networks for the segmentation
of complex document layout and in particular segments them into: figures, tables, paragraphs, lists
and paragraphs. The model proposed is a multiscale feature extraction network implementing as its
main path the Resnet-101 pretrained network [38] to which it inserts two encoder-decoder branches
called the MFN module. The architecture is composed of the Resnet-101 for the encoding branch
and its output is sent to the MFN module i.e. the network for extracting multi-scale features. This
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network, formed by two parallel branches, is applied to further process the feature maps, where
one branch is represented by the Deconvolutional Pyramid Pooling Module (DPM) to enrich the
multiscale information of the feature maps, while the second branch Pyramid Pooling Module (PPM)
is introduced to capture the dependencies between different locations and integrate the long-range
context information. At the output, the two branches are joined by the sum of the feature maps in
order to improve the feature representation and thus the segmentation accuracy. This is followed
by deconvolutional in order to achieve pixel-wise segmentation, the network performs upsampling
to restore the feature map size. Experimental results and comparison with the Literature show that
the method achieves good performance on the segmentation of figures, tables, paragraphs, lists and
paragraphs. However, the complexity of the network leads to the problem of parameter compression
to improve the speed of document layout segmentation.

The model [66] takes historical documents into account and aims to classify the main text,
annotations, initial letter and other embellishments. It also aims to implement typographic labelling,
i.e. the separation of textual content from non-textual content, and the detection of text lines and
classification of highlights, main text and annotations. As is well known, training appropriate CNN’s
require large sets of labelled data. The article solves the problem when labelled data is limited and
promotes an innovative approach that uses so-called controlled data to pre-train the networks. To
this end, two strategies are proposed: the first uses artificial data, while the second uses real data
to pre-train the networks. To evaluate the two strategies, several end-to-end networks are used for
the detection and classification tasks, both using different variants of U-Net. The observations from
the two different datasets show that, in general, the approach reduces training time while offering
similar or better performance than the State of the Art.

The paper [58] presents the segmentation of generic scientific papers collecting a new dense article
dataset (DAD), manually annotated, of 450 open access research articles from 14 different journals
divided into three sections: front matters, body matters, and back matters, identifying 43 classes
from the three sections. The dataset has been evaluated on four models that implement for the
contracting path: Gated Shape CNN, FastFCN, DeepLabV3+ [11], and UNet [70], all of them utilize
a ResNet50 [38] feature extractor that is pretrained on ImageNet [20]. According to the evaluation of
all the models, the best network on the basis of performance takes the UNet architecture and refines
its output by using it as input for a pyramid pooling module [37]. It also explains the necessary
modifications to the deconvolutional branch based on the above models and uses a convolutional
filter size of 5 and a dilation rate of 2. In addition, L2 regularisation and dropout are used to
reduce overfitting. Furthermore, in order to increase the accuracy of the segmentation results,
a new boundary box regression method is also introduced. The method consists of analysing the
connected components, labelling and extracting the boundary box of each object in the segmentation
mask. Once the intersection over union (IoU) matrix has been calculated with the reference boxes
and the predicted boxes with the greatest overlap have been selected, the gIOU loss is calculated.
The cross-entropy loss of the segmentation is then treated as the classification loss, and the average
of both losses is summed, with equal weight. Furthermore, to train the model on unbalanced data,
loss weights are introduced for each class, which are calculated on each batch for the cross-entropy
loss. Based on an evaluation of four popular segmentation models using the DAD and PubLayNet
datasets, the paper demonstrates that the bounding box regression method is able to increase the
F1 score for DeepLabV3+ trained on DAD by +1.99 points.
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In this paper [8], for historical documents, the model used is a fully convolutional network for
the document layout analysis task called Doc-UFCN. The CNN relies on a U-shaped model trained
from scratch for detecting objects from historical documents. The line segmentation task and more
generally the layout analysis problem is achieved by the implementation of the dilated convolutional
layers. The paper shows that Doc-UFCN outperforms State of the Art methods on various datasets
and also demonstrates that the pre-trained parts on natural scene images are not required to reach
good results, but pre-training on multiple document datasets can improve the performances. The
evaluation of the models uses various metrics to reach a fair and complete comparison between the
methods.

The model proposed in [83] is a multi-scale segmentation network, called MSNet, for the seg-
mentation of four categories: text, table, figure and background. The characteristic of this CNN
is its capacity to enlarge receptive field size and multi-scale feature extraction. In fact, the model
implements the MS-residual module that consists in a expansion of the channel dimension In order
to use separable convolutional filters in parallel with kernel size from 3 × 3 to 9 × 9. The paper
shows how this model improves the evaluated performances with a fewer number of parameters.
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3.2 Document Layout Analysis in Mathematical Morphology

In the Literature about Mathematical Morphology, it is quite common to find the pre-processing
phase before the explanation of the algorithm. It is this phase which is crucial for the success of the
partitioning method and depends mainly on the type of document under consideration. Therefore,
the most common methods are reported. When an image pre-processing step is applied, it allows
the analysis algorithms to be more robust to noise and deformation, with the purpose of correcting
images or imperfections and preparing them for future high-level processing. The pre-processing
phase may contain many steps such as: noise reduction, skew detection and correction, image
smoothing, and skeletonisation. In addition, special attention is usually paid to the binarisation
process, which aims to convert a grey-level input image into a two-level representation by dividing
all the pixels of the image into two values: 0 and 1. It is the Otsu’s technique that aims to convert
an image from greyscale to binary i.e. composed of only two values: 0 for the background and 1
for the foreground. The method is based on the idea of finding the threshold value that minimizes
the weighted variance within the class and demonstrates that this is equivalent to maximizing
the variance between classes by operating directly on the histogram of grey levels. Otsu sets the
threshold so as to try to minimize the overlap of the class distributions. Therefore, the method is
independent of the structure of the text under analysis. A stationary statistic is assumed, although
it can be modified to be locally adaptive. Thresholding to reduce a greyscale or colour image to
a binary image, reduction of noise to reduce extraneous data, segmentation to separate various
components in the image, and, finally, thinning or boundary detection to enable easier subsequent
detection of pertinent features and objects of interest.

The Literature in the field of Mathematical Morphology for the Document Layouts Analysis is
a topic that has been extensively covered and reports various algorithms.

Wong et al. [86] in their research present a method involving Run Length Smoothing Algorithm
(RLSA). This method consists of two steps and aims to divide the area of a document into regions
that are homogeneous with each other. The RLSA method is applied to a binary image in which
white pixels are represented by a zero (0) and black pixels by a one (1). First, a segmentation
procedure subdivides the area of a document into regions (blocks), each of which should contain
only one type of data (text, graphic, halftone image, etc.). Next, some basic features of these
blocks are calculated. This method has the effect of connecting neighbouring black areas separated
by less than a constant C of pixels. The algorithm is applied row by row and column by column,
resulting in two connected area maps, which are then combined with a logical AND operation. Such
a block segmentation Algorithm has a limitation regarding the distance parameter chosen (C) as it
is relative to the document under analysis. In fact, in different documents it can lead to connecting
lines of text together that should remain separate.

Another Algorithm is the one described in [62] and presents a system that, after calculating
the connected components, uses the k-nearest-neighbors (KNN) algorithm. The text document
is transformed into Docstrum, a representation of the document page that describes the global
structural characteristics of the page and is based on k-nearest-neighbor clustering of the connected
components of the page. For each connected component, the k nearest neighbours are where the
closeness is measured by the Euclidean distance between them and an angle close to zero between
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them. Each pair of neighbours is then described by a tuple indicating the distance and angle between
the centroids of the two components.

Chen et al. [49] propose a recursive method based on the Morphological opening operation. First
the image is preprocessed to eliminate noise, then the document image is sampled at a resolution of
150 dpi to reduce the computational cost [9]. From this image an algorithm for the determination
of the text line is implemented: a set of words is defined as a rectangular region containing a
word. The detection of word regions is done by a pixel classifier which provides an estimate of
the probability at a later date that the pixel is in a block of words or not. These probabilities
are estimated from a set of training images in which the pixels have been previously labeled as
belonging, or not, to a region containing words. Once the regions are identified, the system proceeds
with the closing recursive algorithm where a sequence of n closing transformations is performed,
each characterised by a different structuring element, providing n transformed images. The pixels of
the training images are then used to define the vectors for the values of the corresponding positions
in the transformed images, from which the posterior probabilities of these vectors being in a block
of words are estimated. Therefore, a probability map is associated with the test images and a
threshold value is associated to obtain the regions containing the words. This threshold value is
calculated from the probability map histogram using a linear regression which gives the function
between the histograms and the optimal threshold values of the images in the training set. Since
the characters do not all have the same size, it is necessary that words belonging to different lines
are not merged in the same block of words. In order to avoid this, a post processing based on
comparison of block height and dominant block height in the document is implemented to detect
these regions and divide them appropriately.

The paper [56] describes a system for segmentation and information extraction from school ex-
ercises and examination papers, addressing two main tasks: text and non-text segmentation and
detection of regions of interest in examination papers. The first problem is tackled in the pres-
ence of Chinese characters, English alphabets, mathematical symbols and also complex layouts. To
achieve this, a two-stage segmentation approach is used, integrating morphological transformations
and Harris angles to identify small connected components (CC). The first stage allows coarse seg-
mentation: after performing an adaptive local binarisation, due to non-uniform illumination in the
scanned images, a morphological expansion operation with a 5×5 structural element is used to join
connected components belonging to the same character, alleviating problems related to low image
quality. The second stage allows for a refined segmentation of smaller connected components: tex-
tual lines are joined into rows, and non-textual connected components are separated from textual
ones using Harris angles. A distinction is then made between text and non-text areas. In this case,
the objective is to extract information from the text such as student and question information. To
this end, a pre-processing phase, defined above, is performed, followed by the detection of desirable
regions. To detect specific regions (such as those containing student or question information), local
binarisation is used, and thin lines are removed by morphological opening. Rectangles surrounding
the information are identified using polygon approximation and angle analysis to determine rectan-
gular contours, even when these are partially incomplete due to image distortions. Once rectangles
are identified, they are classified according to their geometric characteristics and relative positions on
the page to extract the desired information. In summary, the proposed system integrates advanced
image processing techniques to segment, identify and extract key information from both workbooks
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and examination papers, addressing challenges related to image quality, layout complexity and the
presence of Chinese characters.

The paper [85] presents a method for classifying headlines, text and non-text objects such as
images and logos using scanned images from newspapers such as ‘El Republicano’ and ‘El Deber’.
The idea presented in this paper is to segment the document and determine the size of the main
text in order to compare it with headlines and other non-text objects. The method consists of two
steps: the first is a pre-processing to remove noise (paying special attention to removing the margins
where there is much noise caused by the optical scanning of the document), convert the images to
greyscale, improve contrast and finally make the text image binary so that the background and the
text part are identified each by a single value. The second step corresponds to the layout analysis
and allows the finding of structures in the document, such as paragraphs, headings and images. Once
the binary image is obtained, the connected components are calculated with a connection of 8, thus
determining the individual characters, each of which is delimited by a box. From these boxes, the
most frequent height is calculated and the parameter xh, equal to half of the most frequent height,
is defined. In order to create the mask of the text to be analysed, i.e. a structure that defines the
possible horizontal and vertical separators, the Morphological Opening operation is used with the
square as the elementary structure. Its dimensions depend on the previously calculated parameter
xh. In addition, a heuristic is defined according to which a line of text is such if the ratio of the
width to the height of the square is less than a threshold value. To divide paragraphs if they are
arranged in several columns, the vertical outline projection is used first, then the horizontal one,
otherwise the order is reversed. Therefore, if the horizontal projection is greater by a factor of
0.75 than the width of the entire document it is truncated by the same value, and similarly for
the vertical projection (if this is greater by a factor of 0.75 than the total height of the document
is set exactly equal to 0.75). To distinguish the main text from the headings, this is identified by
bounded boxes whose height is less than those of the title or figures, and to determine the regions
containing it, the dilation operation is used using an elementary square structure to connect the
letters belonging to the same paragraph. Finally, the connected components are calculated and
classification as main text is obtained if at least 51% of the pixels belonging to that component
have an intensity below a certain threshold. To determine titles, on the other hand, after using
dilation and calculating bounded boxes and related components, a proportion is used. If the ratio
between the height and width of the box is greater than 0.2 and half the height of the box is greater
than the parameter xh, then it is considered as a title. Finally, for all elements that are not text,
the following proportion is used: if the width of the bounding box is three times smaller than its
height, then it is considered as non-text object.
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3.3 Mixed Methods

Dhsegment [4] is a model that uses an end-to-end CNN for text extraction in ancient documents
(including manuscripts) and then implements post-processing on the masks obtained through mor-
phology operations. The architecture of the Convolutional Neural Network used is from [70] so is
composed of a contracting path which in this model follows the Deep Residual Network architecture
(ResNet-50 [38]) and the expanding path that is composed of five blocks plus a final convolutional
layer which assigns a class to each pixel.

The post-processing phase consists of:

• thresholding with Otsu’s method to obtain a binary mask (if multiclass with a multiple thresh-
old value)

• erosion and dilatation

• calculation of connected components to filter out small ones (remove spurious pixels if there
are any after the previous operations)

• vectorisation step which is required to transform the detected region into a set of co-ordinates.

In order to understand the performance of the model and to demonstrate its generality, it was
applied to five different tasks relating to document analysis: the detection of an entire page, even
a handwritten page, the segmentation of text lines, the detection of graphic parts, photographs
and finally the analysis of document layouts. The model has the ability to both determine the
desired objects and to segment the image parts of interest. In fact, if the network has the ability to
classify pixel by pixel, post-processing perfects the task by constructing bounding boxes. It is the
vectorisation phase that underlines the text if it is handwritten or that reframes elements that are
part of the text such as graphic parts.

In [78] the model decomposes the layout analysis of a document in two subproblems: the seg-
mentation of text and non text regions and subsequently the analysis of the only non text regions
to segment tables, graphs, images etc. For the first problem the system uses two end-to-end CNN’s
to segment the text-line and non-text components simultaneously. For the text region segmentation
the Unet architecture [70] has been used, where the encoding path implements the Resnet-34 [38].
The result of the CNN is a mask of probability values that each pixel corresponds to a class so
as to remove low score pixels the Otsu filter has been applied. To get the contour of the regions,
the connected components have been extracted and a rule has been defined by which a bounding
box is in the set of contours if its height and weights are more than two thresholds (Tw = 5 and
Th = 7 respectively). Once all text lines have been determined, the system attempts to analyse their
homogeneity in order to divide them into smaller regions. After receiving the text line components,
a binary mask is generated with the foreground pixels belonging to the text line. The paragraph is
defined from all closed text lines by applying consecutive morphology dilation and erosion operators
on the text line mask. The elementary structure used is a vertical matrix and the height is given
by the average height of the text lines. For the second phase, the segmentation of non text regions,
the same CNN architecture of text segmentation has been used but here with the transfer learning
techniques using pre-trained weight from ImageNet [20]. To evaluate the model a test dataset of
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Vietnamese magazines has been used and the paper presents also an algorithm for textline annota-
tions. The model was compared with the Literature on segmentation, classification and text region
segmentation. The experiment results show that the method is more stable and adapts better to a
new format layout.
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Chapter 4

The Proposed Model

4.1 Technical Background of the proposed methodology

This chapter is dedicated to thoroughly defining the core problem addressed by this project, as
well as describing the solution that has been proposed and implemented. It provides a conceptual
and technical foundation upon which the subsequent work is built, aiming to guide the reader
through the reasoning that underlies the development of the model. The discussion begins by
introducing the concept of semantic segmentation, a widely used model for dense prediction tasks,
which involves assigning a class label to each individual pixel in an image. This process enables
detailed scene understanding and is essential in numerous real-world applications such as medical
imaging, autonomous driving, and document analysis.

The chapter further explores how semantic segmentation is intrinsically linked to the field of deep
learning, particularly through the use of Deep Neural Networks. To provide a complete context, an
overview of the main principles of Deep Learning is offered, followed by a focus on convolutional
Neural Networks (CNNs), which have become a standard in image processing tasks due to their
ability to automatically extract hierarchical features from visual data. Special emphasis is placed
on Fully Convolutional Networks (FCNs), a subclass of CNNs designed specifically for pixel-wise
prediction tasks like semantic segmentation. The chapter also reviews the most influential and
widely used FCN architectures that have shaped the state of the art in this domain.

Beyond neural networks, the chapter incorporates a discussion on the theoretical framework of
Mathematical Morphology, a field of image processing that provides tools for analysing and pro-
cessing geometrical structures within images. The fundamental morphological operations: dilation,
erosion, opening, and closing are presented, along with their relevance to enhancing or refining
segmentation outputs.

Finally, the complete classification pipeline developed in this project is detailed. This includes
the architectural choices made for the model and the integration of morphological operations.
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4.1.1 Semantic Segmentation with Deep Learning

Semantic Segmentation [17] is a core problem in computer vision, formulated as a dense prediction
task wherein each pixel of an input image is assigned a semantic label from a predefined set of
categories. As in Object Detection models, Semantic Segmentation provides both categorical and
spatial information, but extends this by segmenting the parts of the image that represent the
semantic of the objects requested. The output generated is a structured map that outlines objects
at the pixel level. Semantic Segmentation, by definition, aims to segment semantically identified
objects, thereby simultaneously solving two tasks: defining what something is and also segmenting
it. Global information solves the ‘what’, while local information solves the ‘where’ and delineates
it. The aim is to train a model that takes an image as input and is able to produce the same image
but now partitioned, i.e. to reconstruct a sort of map defining which class each pixel belongs to.
Typically the output is an image in which the classes are represented by a particular colour.

Figure 4.1: Semantic Segmentation: original image, original annotation (ground truth) and prediction of
the model [48]

For the purposes of the project — the subdivision of a generic text document — the objective is
to classify and localise each component, as well as segment them. Therefore, Semantic Segmenta-
tion seems to be the most relevant model. Literature suggests [17] this fine-grained semantic under-
standing is essential for numerous downstream tasks, including medical image analysis, autonomous
navigation, virtual and augmented reality, video surveillance, and 3D scene reconstruction.

Early Semantic Segmentation methods primarily relied on hand-crafted features and proba-
bilistic graphical models [31], such as thresholding techniques, k-means clustering, and conditional
random fields (CRFs), which were limited in their capacity to model complex visual patterns.

The paradigm shifted with the advent of Deep Learning, particularly Convolutional Neural
Networks (CNNs). The introduction of the Fully Convolutional Network (FCN) [57] marked a
significant milestone, enabling end-to-end learning for dense pixel-wise prediction. Since then,
CNN-based architectures have become the de facto standard, giving rise to a variety of advanced
models that integrate encoder-decoder structures, multi-scale context aggregation, and attention
mechanisms to further enhance segmentation performance.
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Deep Learning and Convolutional Neural Networks

The answer to the question of why Deep Neural Networks work so well has been widely discussed
and one answer to this question argues that the universe is governed by a tiny subset of all possible
functions [55]. In other words, when the laws of physics are written down mathematically, they
can all be described by functions that have a remarkable set of simple properties. So Deep Neural
Networks don’t have to approximate any possible mathematical function, only a tiny subset of them.
Also [81] explains that Neural Networks, in the way they learn, ‘can exhibit approximate behaviour
that has been described by both quantum mechanics and general relativity ’.

In this chapter we do not want to delve into these issues, however fascinating they may be,
but to report Deep Learning models and especially Convolutional Neural Networks used for the
purposes of the project.

As reported in [23] and in much earlier and also later Literature, it is well known that most
problems cannot be modelled as linear. In fact, most data to be analysed are not linearly separable,
as [71] explains: ‘linear models are fundamentally limited, in the sense that by definition they cannot
model non-linear relationships across features.’

Deep Learning was born precisely to overcome this limitation by using the concept of the com-
position of linear problems [6].

Thus, as [71] reports: ‘A powerful idea in programming is decomposition, i.e., breaking down a
problem into its constituent parts recursively, until each part can be expressed in simple, manageable
operations.’

From a mathematical point of view, it is therefore a matter of defining the composition of two
or more functions where each function has its own set of parameters and their composition is still
a function of the same independent variable x that in the field of Neural Network represents inputs
data.

Since, as is well known, the composition of linear functions is still a linear function, an element
of non-linearity has been introduced between the compositions. In this way, the two functions can
define the sequential calculation without being merged into a single linear one. So the sequence
of these functions permit the decomposition of the problem into subproblems, which can be solved
by a singular function. Each of which is called a neuron and the non-linear element, an activation
function.

Based on this, the definition of Multi-layer Perceptron (MLP) or Deep Feedforward Neural
Network has emerged, implementing many fully connected layers. These are so-called because in
each layer every neuron (unit) is connected to all those of the previous layer.

Each of these layer is defined as [71]:

FC(X) = ϕ(XW + b)

where X is the input, W the parameters, b the bias and ϕ represents the non linear function.
This model is explanatory because its approximation capacity has been proven. In fact, [19, 39]

demonstrate that the linear combination of compositions of a fixed function and a set of affine
functions can uniformly approximate any continuous function of real variables and that they can
be approximated arbitrarily well by MLPs. If the activation function is continuous, bounded and
non-constant, sufficiently smooth neural networks can approximate a function and its derivatives
with arbitrary precision.
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The Universal Approximation of MLPs Theorem [71] is reported:

Theorem 1 Given a continuous function g : Rd → R exists an MLP with a single hidden layer
and sigmoid activation function such that for any ϵ > 0: |f(x)− g(x)| ≤ ϵ,∀x where the result holds
over a compact domain.

While the theorem makes it possible to place great importance on Neural Networks, it also takes
it for granted that the depth of the network can grow unconstrained until the minimum error is
obtained [7]. Moreover, the obvious practical limitation is that it is not possible to predict a priori
what the best architecture is for each problem. In other words, the question of whether there is a
depth that is mostly sufficient for the computation required to realise a given goal is not known a
priori. Once a particular model is chosen, it is tested on different datasets on which its performance
is evaluated.

As explained above, Deep Neural Networks are composed of multiple layers: input, one or more
hidden layers, and output. The layers between the input and output are called ‘hidden’ because it is
in these layers that the computational calculation takes place, i.e. the processing of the input. It is
in these layers that the network’s weights are calculated by composition. The great approximation
capacity of Deep Learning has the downside that the processing performed in these layers is poorly
accessible. Therefore, for a long time, these networks were defined as ‘black boxes’ and evaluated
by the quality of the output obtained.

Figure 4.2: Deep Neural Network architecture

Such deep neural networks are called ‘feed-forward’ because successive layers feed forward from
input to output. Therefore, the network architecture is defined once the number of layers and the
number of nodes in each layer have been determined.

In the context of Supervised Learning, the Loss Function (Loss) is defined and determines the
classification error and the metric used to minimise it. In fact, it is the Loss that allows the
network to be trained, as in Supervised Learning the dataset is composed of input-label pairs. In
this way it is possible to compare the output of the network with the label that represents the
desired output according to the defined metric and the Loss that minimises the error. In the case of
Deep Learning, Loss is a complicated function of composition of the weights in the previous layers.
Error minimisation and therefore network weight calculation is possible thanks to the well-known
Backpropagation Algorithm that computes the gradient of the composition function elaborated by
the network. This Algorithm exploits the differential calculus chain rule, which calculates the
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gradient error in terms of the summations of local gradient products on the various paths from one
to the output. Although this summation has an exponential number of components (paths), it can
be calculated efficiently using dynamic programming. It contains two main phases, called forward
and backward phases, respectively. The advance phase is required to compute the output values
and local derivatives at each node, and the products of these local values must be accumulated on
all paths from the node to the output:

1. Forward phase: In this phase, the inputs for a training instance are fed into the neural
network. This results in a cascade of calculations forwarded between levels, using the current
set of weights. The expected final output can be compared to that of the training instance,
and the derivative of the Loss Function with respect to the output is computed. The derivative
of this Loss must now be calculated with respect to the weights in all layers in the backward
phase.

2. Backward phase: The main goal of the backward phase is to learn the gradient of the Loss
Function with respect to the different weights using the chain rule of differential calculation.
These gradients are used to update the weights. Because these gradients are learned back-
wards, starting at the exit node, this learning process is referred to as the backward phase.

This algorithm therefore allows each epoch, i.e. an iteration of the entire dataset, to improve the
calculation of error minimisation and gives the network the ability to adapt to different inputs, thus
solving very different problems. As far as the use of data from images is concerned, the capabilities of
Deep Learning have been integrated into Convolutional Neural Networks. These kinds of Networks,
in addition to what was mentioned in this paragraph, also allow the extraction of features directly
from images, which are the data input for the subsequently connected layer part.

Convolutional Neural Networks

The story usually recounted is that Convolutional Neural Networks evolved from studies on a
cat’s brain by two neuroscientists, the Nobel prize winners David Hubel and Torsten Wiesel, who
investigated the functioning of visual cortex. Their experiment [42] had the aim to obtain a neural
response based on what the cat’s vision was subjected to. By projecting light and dark dots into
the cat’s eye, they were unable to get a response from the neuron. However, just by chance, they
noticed that by projecting light and dark bars in different orientations, they got a response. From
the experiment they deduced the existence of two types of cells in the visual cortex: ‘simple’ and
‘complex’. The former respond best to edges or bars of a specific orientation and location and they
act as feature detectors: sensitive to orientation, position, and contrast. While the latter do not
respond to a particular orientation but are more spatially invariant, they respond across different
positions in the receptive field and they receive input from multiple simple cells.

The Hubel and Wiesel’s experiment served as the basis for the precursor of modern Convolutional
Neural Networks. In order to be able to mathematically translate inferences about neurons in the
cat’s cerebral cortex, Convolution and Pooling operations have been taken as models. In fact, the
first Convolutional Neural Network [30] implements a sequence of the simple-cells and complex-
cells in a multilayer neural network architecture. The idea implemented in the model is that each
convolution filter ‘reads’ a sub-section of the input image based on a ‘preference’ for a certain type
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Figure 4.3: Hubel and Wiesel experiment [84]

of pattern, in function of the kernel used, and each of these patches is connected to another cell
that fires if it gets any positive input from its corresponding patch: the pooling operation.

In order to replicate simple neurons, also called linear detectors, Convolution was used as an
image filter. Convolution consists of a linear operator that is applied to each pixel of an image
to change its intensity. The new intensity depends on the original intensity and the intensity of
neighbouring pixels. The convolutional filter is then expressed as a matrix called a kernel.

The convolution operations and their properties are shown below. The discrete definition, as
applied to images, is also provided [47]:

f(x, y) = (g ∗ h)(x, y) =
∑
m

∑
n

g(x−m, y − n)h(m,n) (4.1)

The properties of convolution are given:

• Commutative Property: g(x, y)∗h(x, y) = h(x, y)∗g(x, y) means that the order of convolution
is doesn’t influence the operation. The convolution of the input with the filter or the filter
with the input arrive at the same result.

• Distributive Property: g ∗ (h1 + h2) = g ∗ h1 + g ∗ h2 if your system is composed of multiple
paths, like parallel filters, you can treat them separately and sum the results.

• Associative Property: x(t)∗
(
h(t)∗g(t)

)
=

(
x(t)∗h(t)

)
∗g(t) when convolving three functions,

the grouping doesn’t affect the result.

• Scaling Property: g(at) ∗ h(at) = 1
|a|y(at) compressing or stretching the input signals scales

and modifies the output accordingly.
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The pooling operation and its characteristics are also briefly described below. Pooling is a
downsampling operation commonly used in convolutional neural networks (CNNs) to reduce the
spatial dimensions of feature maps. The most common types are Max Pooling and Average Pooling.

The Max Pooling is defined as a feature map X ∈ RH×W , and a pooling window of size k × k,
the max pooling operation with stride s is defined as:

Yi,j = max
(m,n)∈Wi,j

Xm,n

where Wi,j denotes the k × k window on X corresponding to position (i, j) in the output Y .
Similarly, average pooling computes the average over the window:

Yi,j =
1

k2

∑
(m,n)∈Wi,j

Xm,n

Global pooling reduces each feature map to a single value.

• Global Max Pooling:
Y = max

(i,j)
Xi,j

• Global Average Pooling:

Y =
1

H ×W

H∑
i=1

W∑
j=1

Xi,j

Pooling operations help reduce computational complexity and make the network more robust
to spatial translations in the input.

The first Convolutional Neural Network as it is known today, is thanks to LeNet-5 [53] that has
well-defined characteristics [51]:

1. raw inputs

2. local receptive fields

3. shared weights

4. spatial subsampling

Convolutional networks allow images to be processed directly as input. The convolution opera-
tion operates on the image forming a sequence of convolution filters. It is these filters themselves
that extract the features necessary for classification.

Convolutional filters operate on a subpart of the image in function of the kernel size, and the
pixels that are involved are called receptive fields. With local receptive fields the convolution
extracts elementary features which are then combined in the following layers. Distortions or shifts
of the object may vary the position of the features but not the features themselves. In fact, since
convolutional networks are intended to classify objects, it is essential that if the object in question
is shifted or has different orientations in the image, it is in any case recognised, i.e. translation
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invariance occurs. Moreover, since the convolutional kernel processes local pixels, it allows for local
connectivity, so the layers are sparsely connected rather than fully connected: each node does not
connect to all other nodes. Each convolutional filter processes the entire image, a process known
as parameter sharing, which means that the weights to be determined are shared and therefore
numerically lower than in the fully connected case.

Once the convolutional filter has processed the entire image, it is sent to a non-linear function
called activation. This function introduces non-linearity into the model so that it can also learn
non-linear features. As mentioned for multiple instance learning, convolutional networks introduce
a composition of convolutional filters, and to ensure that this is not simply the sum of these filters,
a non-linear function is inserted. These networks do not only determine a linear transformation of
the input but also have the ability to extract complex features.

The subsequent pooling operation selects only certain features, such as pixels with maximum or
average values. This allows the generated outputs to be summarised without regard to the location of
the features, thus promoting local translation invariance. In fact, it aggregates lower-level features
to produce higher-level ones, adding more invariant representation and enabling abstraction and
robustness.

Since each convolutional filter is applied to the entire image, generating the so-called feature
map, there is a pooling of filters for each local receptive field. The networks in fact compute many
filters in parallel and thus many feature maps, but each of these is processed for the entire image
and thus shared for each receptive field. Weight sharing allows for the fact that if the input of a
convolutional layer is moved, also the output is moved. Furthermore, when a feature is identified,
its exact position becomes less important, as long as its relative position, i.e. with respect to the
other features, is preserved. Therefore, each convolutional layer is followed by a pooling layer that
reduces the resolution of the feature map and the sensitivity of the output to shifts and distortions.

After the convolutional and pooling layers, the resulting features map becomes a flattened vector,
which is the input for the fully connected layer or dense layers. It is in this last part that the final
classification takes place based on the number of classes desired.

The LeNet 5 network provides a good description of what has been mention so far which, in
addition to implementing successive layers of convolution and pooling, uses the backpropagation
algorithm to set the weights, minimising the error [53].

The document [52] laid the foundations for current convolutional networks, as it was the first
network published with high performance. This network was developed by Lecun for handwritten
character recognition and represents a fundamental milestone for this type of network.

The network consists of two convolutional layers, and each block consists of a convolution with a
kernel size of 5×5, a sigmoid activation function, and a subsequent 2×2 average pooling operation
with a stride of 2. The two layers map the spatially arranged inputs onto a series of two-dimensional
feature maps, generally increasing the number of channels. The input images are 28 × 28 in size
and the first convolutional layer has 6 output channels, while the second has 16. The output of
the second convolutional block consists of 16 filters of size 5 × 5. To pass the output from the
convolutional block to the dense block, each example in the minibatch is vectorised; this operation
is called flatten vector. The idea behind the flattening layer is to convert the data into a one-
dimensional array so that it can then be processed by a multilayer perceptron. The output of the
last convolutional layer is then flattened into a single long feature vector, which is connected to
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Figure 4.4: LeNet [53]

the final classification model, called the fully connected layer. Thus, the flattening layer converts
a multidimensional array into a one-dimensional vector. Finally, each fully connected layer reduces
the dimensionality, ultimately producing an output whose dimension corresponds to the number of
classes.

The following is a description of the operators that make up the layers of a convolutional neural
network.

Convolutional layer: this is the most significant component and its result is given by the
convolution operation. It is thanks to the properties of convolution that translation invariance is
possible.

In Convolutional Neural Networks (CNNs), 2D convolutions are essential for extracting spatial
features from image data. The behavior and output dimensions of a convolutional layer are primarily
controlled by three parameters: kernel size, stride and padding [22].

Kernel (or filter) is a small matrix that slides over the input feature map to compute local
patterns through element-wise multiplication and summation. The kernel size (typically denoted
as k × k) determines the spatial extent of this filter, such as 3× 3 or 5× 5. Larger kernels capture
a wider receptive field but increase computational cost.

The image below shows the 2D Convolution:

Input Feature Map

Kernel 3× 3

Output

Figure 4.5: Visualization of a 2D convolution operation with a 3× 3 kernel on a 4× 4 input.

Stride s defines the number of pixels the kernel moves after each convolution operation. A
stride of 1 means the kernel moves one pixel at a time, preserving most spatial detail. Higher
strides result in downsampling, reducing the spatial resolution of the output.

Padding p involves adding extra pixels (usually zeros) around the input’s border to control
the spatial dimensions of the output. It also helps preserve edge information. Common types of
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padding include:

• ‘valid’: no padding; output size shrinks.

• ‘same’: padding is added so that the output size matches the input size (for s = 1).

Output Size Calculation: given an input of height Hin and width Win, with a kernel size k,
stride s, and padding p, the output height and width (Hout,Wout) are computed as:

Hout =

⌊
Hin + 2p− k

s

⌋
+ 1

Wout =

⌊
Win + 2p− k

s

⌋
+ 1

This formulation provides a deterministic way to calculate the output dimensions of a convolu-
tional layer, ensuring proper architectural design of CNNs.

The output of each of these kinds of layers is a collection of the input image filtered by more
kernels or masks. The input image is convolved with more kernels each one generating a feature
map. A kernel is de facto a matrix of weights, initially set randomly and updated during the training
step. Kernels are used to find patterns in the input image and extract significant features. Kernels
have three dimensions representing width, length and the number of channels (w,l,c). The function
of this layer is to reduce the resolution of the image but at the same time to increase its channels.

Figure 4.6: Convolution operation [22]

The process is an elementwise product followed by a sum. Convolution is a locally shifting
invariant, which means that for many different combinations of how the nine numbers in the upper
3 × 3 matrix are placed, the convolution result will be the same. This invariant property plays a
critical role in computer vision because for classification problems the shift or rotation of features
doesn’t change the object to be identified. It is worth noting that ‘A horse is always a horse
independent of its position in the image.’

Dilated convolutions: the Convolutional layer can also introduce a spacing between kernel
elements, controlled by the dilation rate d ≥ 1. The effective kernel size becomes:

keffective = k + (k − 1)(d− 1)
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This allows the receptive field to grow without increasing the number of parameters, which is
especially useful in semantic segmentation tasks.

The convolution operation can also be performed as a ‘dilated convolution’ [12, 89], these kinds
of convolutions are so defined because they insert spaces between the elements of the kernel.

Figure 4.7: Standard and Dilated Convolution

The ‘dilation rate’ is given by an additional hyperparameter d that indicates which pixels have
been convolved. Implementations may vary, but usually d − 1 spaces are inserted between the
kernel elements so that d = 1 corresponds to a regular convolution. Dilated convolutions are used
to increase the receptive field of the output units without increasing the size of the kernel. In fact,
with the same kernel size, there is an increase in the receptive field because the kernel processes
pixels that are not adjacent to each other. This operation is particularly effective when several
dilated convolutions are placed one after the other.

Pooling Layer: the main task of this layer is sub-sampling the feature maps generated by
the convolutional operations [33]. This layer aims to maintain the dominant information but at the
same time shrinking large-size feature maps. Several types of pooling methods are available: average
pooling, minimum pooling, maximum pooling, global average pooling, global maximum pooling. In
other words, the pooling layer simplifies the output by performing non-linear downsampling, thus
reducing the number of parameters the network had to learn and still having an invariant property.
The new methods used for pooling, include pyramid spatial pooling.

Figure 4.8: Spatial Pyramid Pooling [33]
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This divides the image into increasingly coarse layers, aggregating the local features contained
in them. This layer groups the features and generates a fixed-length output, which is then fed into
the fully connected layers. In other words, it performs an aggregation of information at a deeper
level of the network hierarchy between the convolutional layers and the fully connected layers.

Fully connected (FC) Layers: this layer is situated at the end of each CNN as it provides the
actual classification. Inside this layer, each neuron is connected to all neurons of the previous layer.
The input of this layer comes, as a vector, from the last pooling or convolutional layer and the output
represents the final CNN output. After all the layers previously described, an activation function is
employed. The operation performed by the activation function ensures that only activated features
pass to the next layer. In addition, the non-linear performance of the activation layers gives to the
Convolutional Neural Network (CNN) the ability to learn more complex features. The activation
function must also be differentiable since it allows error back-propagation algorithm to be used to
train the network.

The most known activation functions are here reported:

Figure 4.9: activation functions [29]

• Sigmoid: the input of this function is a real number, while the output is a value between

σ(x) =
1

1 + e−x

• Tangent Hyperbolic function is similar to the sigmoid, its input is a real number, but the
output is restricted between −1 and 1

tanh(x) =
ex − e−x

ex + e−x

• ReLU: Rectified Linear Unit is the most used function in the CNN context. It converts the
whole values of the input into positive numbers. It is less computationally expensive than
tanh and sigmoid, so the computational load is the main benefit of ReLU over others (figure
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2.20 (c))
ReLU(x) = max(0, x)

• LeakyReLU: LeakyReLU activation function can be used in the convolutional layers to learn
features from the input data when they assume negative values. Therefore, this activation
function ensures these inputs are never ignored. Standard ReLU function would produce a
gradient of 0 for these inputs and hinder the model’s ability to learn (figure 2.20 d)

LeakyReLU(x) =

x if x ≥ 0

αx if x < 0

• Softmax: is an activation function usually used in multiclass classification problems. It is
commonly used in the output layer when a probability is assigned to define the class of each
input. The mathematical expression is:Softmax takes as input a vector z of K real numbers
and normalizes it into a probability distribution consisting of K probabilities proportional
to the exponentials of the input numbers. That is, before applying softmax, some vector
components could be negative, or greater than one and might not sum to 1. After applying
softmax, each component will be in the interval [0,1], and the sum of these probable values
will be equal to 1

Softmax(zi) =
ezi∑K
j=1 e

zj

CNNs regularisation: regularisation is a set of strategies used to avoid overfitting, namely
when a CNN learns too much from training data and fails to generalise well to new data. Due to
their high complexity and a large number of parameters, CNNs can suffer from overfitting thereby
reducing the accuracy and reliability of the model leading to low quality outcomes. To avoid this
issue it is necessary to introduce some randomness to the learning process. There are different types
of regularisation methods, but they all aim to reduce the variance of the model and increase its bias.
Variance measures how sensitive the model is to small changes in the data, while bias measures how
far the model is from the true relationship. A good model should have low variance and low bias,
but there is usually a trade-off between them. Regularisation helps find a balance between them by
shrinking or pruning the model parameters, adding noise or dropout to the layers, or augmenting
the data with transformations. Some common regularisation techniques that can be used in CNNs
include:

• Dropout: this technique involves randomly dropping some pixels during the training process,
so they will not be a part of it. By contrast, the network is used for the prediction phase.
This method forces the model to learn with different network configurations.

• Drop-weights: similar to dropout, during each training epoch, the connections between neu-
rons (weights) are dropped.

• Data augmentation: Increasing the training dataset is the easiest way to avoid over-fitting.
To generate new training samples, transformations such as rotation, scaling, and flipping are
applied to the original images.
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• Batch normalization: involves normalizing the inputs and outputs of each layer to reduce
internal covariance shift and improve the stability and performance of the model. Subtracting
the mean and dividing by the standard deviation will normalize the output at each layer
reducing the “internal covariance shift”. This shift becomes very high due to the continuous
weight updating through training, which may occur if the samples of the training data are
gathered from numerous dissimilar sources requiring extra time for convergence.

• Early stopping: implies stopping the training process when the validation loss stops improving.
It works by monitoring the performance of the model on a held-out validation set for every
epoch during training, and terminating if the validation performance deteriorates. This can
help prevent the model from overfitting to the training data and generalizing poorly the new
data.

Optimizers: one of the major issues included in the learning process is the learning algorithm
selection, namely the optimizer chosen to minimize the training error. The most basic and most
used optimization algorithm is the Gradient Descent. It’s used heavily in linear regression and
classification algorithms. To minimize the error, the algorithm repetitively updates the network pa-
rameters through every training epoch. Specifically, to update the parameters correctly, it needs to
compute the objective function gradient (slope) by applying a first-order derivative with respect to
the network parameters. Next, the parameter is updated in the reverse direction of the gradient to
reduce the error. The parameter updating process is performed through network back-propagation,
in which the gradient at every neuron is back-propagated to all neurons in the preceding layer. Dif-
ferent alternatives of the gradient-based learning algorithm are available and commonly employed.
These include the following:

• Batch Gradient Descent (BGD): Batch gradient descent sums the error for each point in a
training set, updating the model only after all training examples have been evaluated. This
process is referred to as a training epoch. In more depth, it calculates the gradient of the whole
training set and subsequently uses this gradient to update the parameters. For a small-sized
dataset, the CNN model converges faster and creates an extra-stable gradient using BGD.
Since the parameters are changed only once for every training epoch, it requires a substantial
amount of resources, and if the dataset is too large, additional time is required for converging,
and it could converge to a local optimum (for non-convex instances).

• Stochastic Gradient Descent (SGD): It’s a variant of Gradient Descent. It tries to update the
model’s parameters more frequently. The model parameters are altered after the computation
of loss on each training sample. For a large-sized training dataset, this technique is both
more memory-effective and much faster than BGD. Because it is frequently updated, it takes
extremely noisy steps in the direction of the answer, which in turn causes the convergence
behaviour to become highly unstable. At the same time it can also be helpful in escaping the
local minimum and finding the global one. To get the same convergence as gradient descent
it is necessary to slowly reduce the value of the learning rate.

• Mini-batch Gradient Descent: It is an improvement on both stochastic and standard gradient
descent. Training samples are partitioned into several mini-batches, in which every mini-batch
can be considered an undersized collection of samples with no overlap between them. Next,
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parameter updating is performed following gradient computation on every minibatch. This
method requires a medium amount of memory.

• Momentum: Momentum was invented to reduce high variance in SGD. It enhances both the
accuracy and the training speed by summing the computed gradient at the preceding training
step, which is weighted via a factor (known as the momentum factor). However, it may simply
becomes stuck in a local minimum rather than a global minimum (when there isn’t a convex
surface). As the value of the momentum factor becomes very low, the model loses its ability
to avoid the local bare minimum. By contrast, as the momentum factor value becomes high,
the model develops the ability to converge much more rapidly.

• Adam (Adaptive Moment Estimation): Adam is another optimization technique widely used
for training deep neural networks. It employs the second-order derivative, and more memory
efficiency and less computational power are the main advantages. The mechanism of Adam is
to calculate the adaptive learning rate for each parameter in the model. The intuition behind
this optimizer is to avoid jumping over the minimum but rather decrease the speed slightly
for a careful search [3, 36].
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Deconvolution

In order to segment an image, the neural network must be end-to-end, i.e. it must reconstruct the
input image partitioned into segmented components. It is therefore necessary, once the features
have been extracted, that the network reconstructs the image in order to obtain the spatial variable
of these features. As explained, convolutional networks perform a downsampling of the image to
obtain the features, thus significantly reducing the resolution. In order to perform the reverse
process, i.e. image reconstruction, it is necessary to define an operation that goes back from the
last feature map to the convolutional steps performed up to that point. This operation is defined
as deconvolution, the ‘inverse’ of convolution. That is to say, the deconvolution is defined as the
transformation that goes in the opposite direction to a convolution, so it starts from the output of
a certain feature map in order to reconstruct the input image. It arises from the need to obtain
this transformation as the decoding of a convolutional network or to project feature maps into a
high-dimensional space.

Various operations have been applied for deconvolution such as:

• Transpose Convolution

• Upsample

• Unpooling

Transposed Convolution: is one of the more common learnable techniques that allows the
expansion of the spatial dimensions of feature maps [22]. In contrast to standard convolution, it
distributes each input value over a larger region of the output. A learnable convolutional filter
is applied to the reduced size feature maps in order to turn around the effects of the convolution
operation permitting the forward and backward passes of a convolution. It is a learnable method
that is optimized during training, its weights being calculated during the training phase as for
convolution filters and is effective for generating high-quality images of larger size. The operation of
convolution uses a kernel to filter the input or the feature map, producing a set of output features
maps smaller than the input, due to the kernel size and stride. In transposed convolution instead
of applying a kernel to a local region of the input, a kernel is applied to each location of the output
feature map, with a stride that determines the distance between successive kernel positions. Each
kernel output is then added to the corresponding location in the output feature map.

From an algebraic point of view, it is defined as the transposed convolution whose forward
and backward passages are calculated by multiplying by a matrix. If the convolution operation is
described as the product of the input by a matrix that determines the output: input ∗W = output,
the convolution matrix could be represented as a sparse matrix W in which the non-zero elements
are the elements wi,j of the kernel with i and j indicating the row and column of the kernel,
respectively. This linear operation takes the flattened input matrix as an n-dimensional vector and
produces an m-dimensional vector. Using this representation, the backward pass is easily obtained
by transposing W. Thus, output = W T ∗ input. This operation takes an m-dimensional vector as
input and produces an n-dimensional vector as output, via a matrix that is the transpose of the
convolution matrix. This results in an output with restored dimensions and a filter whose weights
can be calculated during training.
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Figure 4.10: Transposed Convolution [22]

The image 4.10 represents a clarification of the transposed convolution operation.

Upsampling operation: allows images with the desired density to be reconstructed from the
raw outputs, gradually restoring the spatial dimensions of the feature maps while reducing the
number of channels or features.

This approach can be implemented with many different interpolation methods that learn how
to refine the output:

• Nearest Neighbor: This method involves duplicating the existing pixels or samples to create
new ones. It is the simplest and fastest method but the result is a block of identical pixels
and therefore highly correlated.

• Bilinear Interpolation: it reconstructs a ‘continuous’ image from the discrete input image by
performing linear interpolation in two dimensions. For a point (x, y) in the upsampled grid,
the corresponding coordinates (x′, y′) in the original lower-resolution grid are found. Since
these coordinates usually fall between discrete input pixels, they are interpolated between
the four nearest neighbors. So, to compute the value of new pixels, the weighted average of
the nearest four pixels is calculated. This results in a smoother image than nearest neighbor
interpolation but may introduce artifacts such as blurring and aliasing.

• Bicubic Interpolation: This method uses a more complex interpolation algorithm that takes
into account 16 neighboring pixels to compute the value of new pixels. It results in a higher-
quality image than bilinear interpolation but requires more computational resources.

• Lanczos Interpolation: This method uses a weighted average of a larger number of neighboring
pixels to compute the value of new pixels. It produces sharp and detailed images but requires
a larger kernel size and more computational resources.
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Unpooling operation: is defined as the inverse operation of pooling and uses the indices
saved during the pooling phase to correctly reposition the values in the upscaled feature map.
This method preserves the original spatial information, but requires explicit index management.
As is well known, the convolutional and pooling layers of a CNN progressively reduce the spatial
dimensions (width and height) of the input and intermediate feature maps, a process known as
encoding or downsampling.

This produces a compressed representation of the input image that can be efficiently processed,
allowing the network to extract key structural features and relationships within the input. The
pooling process, as explained in 4.1.1, reduces the image resolution (generally using a pooling factor
of 2, thus halving it). To reverse the process at each pooling iteration, its indices are stored, i.e.
the position where the pixel value is located. When the image is doubled, the pixels are returned
to the same indices for which they were reduced. The image clarifies this operation.

1 5 2 0

4 3 1 2

2 6 1 0

1 2 5 4

Input Feature Map

5 2

6 5

Max-Pooled Output

5

2

6

5

Unpooled Map

Figure 4.11: Visualization of Unpooling Operation

Whichever inverse convolution operation is chosen, it must be refined during the training phase.
In fact, the parameters initially generated in the manner described above do not determine the
desired output image, but only its resolution.
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Fully Convolutional Neural Networks

The evolution of convolutional networks as classifiers and localisers came from Fully Convolutional
Networks [57]. This marks a milestone in the development of convolutional neural networks, as it
modifies their architecture. As reported in 4.1.1, the architecture of a Convolutional Network is
composed by a sequence of convolutional layers followed by fully connected layers. The modification
is to replace the fully connected layers with convolutional layers. This is why it is known as a ‘fully
convolutional network’. The idea behind this being to cut out the fully connected layer for the
classification task and to substitute it with convolutional layers that could classify and reconstruct
the image. In this way, the spatial dimension is not lost and it is therefore possible not only to
classify but also to localise objects by taking images of any size as input, unlike networks that have
fixed dimensions for the input because of the fully connected layer. In fact, for CNNs designed solely
for classification, the input image size must remain fixed once the network architecture has been
defined. A deep network computes a general nonlinear function, a network with only convolutional
layers, i.e. a fully convolutional network, computes a nonlinear filter.

Therefore, the network presents layers composed by a sequence of convolution - max pooling -
activation function and these layers follow one another to define the composition of functions as for
any deep learning network.

To better understand this modification, [57] explains that fully connected layers can be modified
into convolutional layers with kernels of size equal to the input size of the fully connected layer.

Figure 4.12: From Convolutional Network to Fully Convolutional [57]

For the construction of the network, in the encoding path, already known CNN were taken such
as: AlexNet, VGG nets and GoogLeNet which, as [57] explains, ‘We decapitate each net by discard-
ing the final classifier layer, and convert all fully connected layers to convolutions.’ Furthermore,
the major difference between fully connected and fully convolutional networks is the number of
parameters. In fact, in the convolutional case, parameter sharing allows for a reduction in these.

The ‘convolutionalization’ is followed by the decoding path, which is composed of a deconvolution

Eleonora Ammaturo 46



4.1. Technical Background of the proposed methodology

layer, as explained in 4.1.1, that in [57] is implemented by the bilinear interpolation that can
upsample the coarse outputs to pixel-dense outputs. The final prediction that occurs in the last
convolutional layer usually has a very low resolution (in this network 32 pixels) thus also limiting
the resolution in the upsampled output. To solve this problem the network adds links that combine
the final prediction layer with lower layers with finer feature map. In addition, also in this task
there is a reduction in computational cost since the resulting maps are equivalent to the evaluation
of the original network on particular input patches (receptive fields), i.e. those that are ‘activated’
during the training process, and the calculation is significantly decreased thanks to the overlapping
regions of these patches. In this way, the network produces as many maps as there are desired
classes, each representing the segmentation features for that class. This transformation of the CNN
into Fully Convolutional Networks permits inputs of any size and allows as output the same image
after classification and localisation of the desired objects, thus composing an end-to-end network.

Further Architectures

The U-net architecture derives from [57] with the modification of the deconvolution path. In
fact, the main idea of this architecture [70] is to substitute pooling operators with upsampling,
followed by a 2 × 2 convolution in order to increase the resolution of the output. If [57] modified
the usual architecture of a CNN to a fully convolutional one, the U-net [70] is an evolution of
this because it provides an increase of the deconvolution path creating a sequence of Upsampling
convolutional layers (as Upsampling operation 4.1.1 explains). In fact, the decoding path has a large
number of channels for features, enabling the propagation of the context information and ensuring
higher resolution levels. Consequently, this path is symmetrical to the contraction path and so
the architecture has a U-shaped form. As already mentioned, the network has no fully connected
layers and uses only the valid part of each convolution, i.e. the segmentation map contains only
those pixels for which the full context is available in the input image. To predict the pixels in the
boundary region of the image, the missing context is extrapolated by mirroring the input image. To
localise high-resolution features, the contraction path is combined with upsampling features thanks
to skip connections.

Figure 4.13: Unet Architecture [70]
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As in the architecture of Fully Convolutional Network 4.1.1, this network is composed by a
contraction and an expansion phase. The former follows the typical architecture of a convolutional
network and consists of repeating 3× 3 unpadded convolutions, each followed by a ReLu activation
function and a 2×2 max pooling operation with stride 2. So each of these steps doubles the number
of feature channels. Instead, each step in the expansion phase consists of upsampling the feature
map followed by a 2×2 convolution that halves the number of feature channels. The network copies
and crops each feature map of the contraction phase to the corresponding expansion one. This is
necessary due to the loss of pixels at the edge in each convolution. Each convolution implemented
has a 3× 3 kernel and is followed by a ReLu activation function. The last layer consists of a 1× 1

convolution which serves to map each 64th component of the feature vector to the desired number
of classes.

The Adaptive U-net [59] is a variant of the original U-Net and was designed for detecting lines
of text in images of historical documents [66]. The modification to the original U-Net model lies in
the number of filters for each layer. In fact, the original U-Net uses 64, 128, 256, 512 and 1024 filters
in each block of the contraction path, while the Adaptive U-Net model proposes the use of 32, 64,
128, 256 and 512 filters. This architecture also uses skip connections so that the features extracted
from the contraction path are forwarded to the expansion path through horizontal connections. Each
convolution block in the contraction path is followed by max pooling. The tensor that is passed
to the expansion path is the bottleneck. The expansion path consists of four convolution blocks,
each represented by two simple convolutions followed by a transposed convolution (as explained in
4.1.1).

The Doc UFCN [8] defines a convolutional network similar to U-net where dilated convolution
is used instead of convolution. The contraction path consists of 4 dilated blocks consisting of 5
consecutive dilated convolutions. This allows the receptive field to be increased and provides the
network with more contextual information. Each block is followed by a max pooling layer, except
for the last one. The expansion path aims to reconstruct the input image with pixel-by-pixel
labelling at the original resolution of the input image. In this network, deconvolution has been
implemented with transposed convolutions in order to maintain the same resolution at both the
input and output. Therefore, the decoding path consists of 3 convolutional blocks, each consisting
of a standard convolution followed by a transposed convolution. In addition, the features calculated
during the encoding phase are concatenated with those of the decoding phase. The last convolutional
layer produces full-resolution feature maps. It returns n feature maps with the same dimensions as
the input image, where n is the number of classes involved in the experiment. A softmax layer is
then applied to transform these feature maps into probability maps.
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The DeepLab Architectures

The first introduction of the DeepLab architecture is presented in [13]. This network proposes
an innovative approach to semantic image segmentation by combining two established techniques:
Deep Convolutional Neural Networks (DCNNs) and fully connected Conditional Random Fields
(CRFs).

The initial part of the network follows a typical CNN structure, consisting of a sequence of
convolutional layers and max-pooling operations for progressively extracting hierarchical features.
However, DeepLab introduces a key innovation: atrous (or dilated) convolutions.

As explained in 4.7, dilated convolutions allow the expansion of the receptive field of convo-
lutional filters through a dilation rate, without increasing the number of parameters or the com-
putational cost. This is achieved by “skipping” certain pixels in the input, effectively inserting
gaps—called trous, from the French word for “holes”— between kernel values. In this way, the
context analysed by the filter is enlarged while maintaining the same output resolution.

The use of DCNNs with dilated convolutions addresses the spatial resolution loss typical of
deeper CNN layers, while eliminating the need for deconvolutional stages. The output produced is
a preliminary segmentation map, which, however, may lack accuracy around object boundaries. To
refine this, DeepLab incorporates a fully connected CRF module capable of modeling relationships
among all image pixels. In this setting, each pixel is treated as a node that receives a label based
on similarity with its neighbors. CRFs are particularly effective for denoising and enhancing edge
precision, iteratively refining the segmentation result from the DCNN.

The second version of the architecture, DeepLabv2 [14], was published in 2017 by the same
authors. While retaining the core structure (DCNN + atrous convolutions + CRF), it introduces a
significant extension: Atrous Spatial Pyramid Pooling (ASPP).

This technique is designed to handle the scale variability of objects in images. ASPP applies
atrous convolutions with different dilation rates over the same input region, allowing the network
to gather contextual information at multiple scales. The aggregation of the resulting features im-
proves the network’s ability to distinguish objects of different sizes, thereby enhancing segmentation
performance. However, like its predecessor, DeepLabv2 relies on CRFs which prevents end-to-end
training of the entire model.

In December 2017, the authors introduced DeepLabv3 [15], aimed at overcoming the limitations
of previous versions. The core architecture (DCNN + ASPP) is retained, but the CRF refinement
stage is removed, thus enabling fully end-to-end training. Despite this removal, the network achieves
improved segmentation accuracy compared to DeepLabv2.

In addition to the parallel atrous convolutions in ASPP, DeepLabv3 also introduces cascaded
atrous convolution modules, applied in sequence. This cascading structure enables the use of multiple
convolutional layers without reducing the output resolution, thereby avoiding the loss of spatial
information that occurs in traditional CNNs. By combining convolutions with varying dilation rates,
the network can progressively capture broader contextual information, improving segmentation
accuracy.

Whereas in cascaded structures the atrous convolutions are applied sequentially, in ASPP they
are executed in parallel and their outputs are fused. Moreover, the extracted features are enriched
by fusing them with other feature maps, further improving the network’s ability to capture both
structural and semantic details. The final output is then upsampled to reach the desired resolution.
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The joint use of ASPP and cascaded atrous convolutions enables the model to preserve spatial
precision while maintaining a strong grasp of contextual information.

The most recent development in the architecture, DeepLabv3+ [16], was proposed in 2018.
Compared to DeepLabv3, it introduces a decoder module aimed at further improving the resolution
of segmented object boundaries. The encoder portion remains largely similar to that of DeepLabv3,
but a more efficient variant of convolutions is adopted: the Separable Atrous Convolution.

These operations are divided into two steps: depthwise convolution, which applies separate filters
to each input channel, and pointwise convolution (1×1 convolution), which combines information
across channels. This separation results in a significant reduction in computational complexity
without compromising segmentation quality.

The decoder has a simple structure based on upsampling operations and is responsible for
recovering fine details at object boundaries, often lost during the encoding phase. The integration
of the decoder allows DeepLabv3+ to achieve even more accurate results, setting new benchmarks
for semantic segmentation architectures.

The Multiscale Segmentation Network (MSNet) [83] model for document layout analysis
employs an enhanced residual block, termed MS Residual Module, as the fundamental building unit
of the encoder backbone. The backbone is organized into four stages, with each stage performing a
downsampling operation by a factor of 2. Each stage comprises two MS residual modules, resulting
in a final feature map with spatial dimensions reduced to 1/32 of the original input image.

To maintain computational efficiency and limit the number of parameters, a non-local attention
module after the final residual block in the backbone has been integrated. This module captures
long-range spatial contextual information, which is essential for accurate layout parsing.

In the decoding phase, a U-shaped skip connection structure inspired by U-Net has been adopted,
which facilitates the recovery of fine-grained details by fusing high-level semantic features with lower-
level spatial information. The upsampling and classification module restores the feature map to the
original input resolution, generating the final segmentation output.

The MS residual module is designed in two variants, depending on whether downsampling is
required, as shown in 4.14.

Unlike traditional residual networks [38], which reduce the channel dimension before expansion,
the approach first increases the number of channels using a 1× 1 convolution (doubling the channel
size), then partitions the feature map into four groups along the channel axis.

Each group is processed using a depthwise separable convolution [40] with different kernel sizes:
3× 3, 5× 5, 7× 7, and 9× 9, enabling multiscale feature extraction. The outputs are concatenated
along the channel dimension to form a unified feature representation.

Next, a grouped 3 × 3 convolution [87] is applied to fuse the multiscale features. A final 1 × 1

convolution reduces the channel dimension back to the original size. Additionally, a Squeeze-and-
Excitation (SE) channel attention module [41] is inserted to enhance informative features adaptively.
The input is then added to the output via a residual connection.

During downsampling, a max-pooling operation and a 1×1 convolution are applied to the input
feature map before the residual connection to ensure dimensional consistency. Batch normalization
is added after each convolutional layer, and ReLU activation is used throughout the network to
enhance non-linearity.
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Figure 4.14: MsNet module [83]

The Segnet [5] end-to-end convolutional Neural Network architecture has been designed for
road scene segmentation. It can model appearance and shape and understand the context between
different classes. Consequently, it can also preserve contour information in the extracted image
representation. The encoder network in SegNet is topologically identical to the convolutional layers
in VGG-16 [73]. The decoder network is the key component of SegNet and consists of a hierarchy
of decoders, with one corresponding to each encoder. The appropriate decoders use the max-
pooling indices (explained in 4.1.1) received from the corresponding encoder to perform nonlinear
upsampling of their input feature maps. Reusing max-pooling indices in the decoding process

Figure 4.15: Segnet Upsampling [5]

offers several practical advantages: improved boundary delineation, reduced parameters, enablement
of end-to-end training and the ability to incorporate this form of upsampling into any encoder-
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decoder architecture. In fact, the network reduces significantly the number of parameters for the
encoder path, from 134 to 14.7 million. The encoder network comprises 13 convolutional layers,
which correspond to the initial 13 layers of the VGG-16 network, which was designed for object
classification. So it is possibile to implement transfer learning. For each encoding layer corresponds a
decoding layer, therefore, also the decoding network has 13 layers. The final output of the decoder is
sent to a multi-class softmax classifier that produces class probabilities for each pixel independently.

The PSPNet [90], for semantic segmentation for scene parsing, was created with the aim of
avoiding errors that are partially or completely related to the contextual relationship and global
information for different receptive fields. Therefore, it develops a deep network with an appropriate
level of global scene, i.e. to take into account three aspects:

• Mismatched Relationship: it is necessary to consider the context in which the segmenting
objects occur. Indeed, the inability to collect contextual information increases the possibility
of classification errors and confusion between categories. This problem can be solved by using
the relationship between categories.

• Confusion categories: for the purposes of the network, many class labels can cause confusion
in classification. In fact, some classes differ little from each other as they have a similar
appearance (the text in a table can be similar to the one in a paragraph). Furthermore, it
is plausible that even the best datasets may contain errors or biases (there is a known error
of 17.60% in terms of pixels, as described in [43]). This problem can be solved by using the
relationship between categories.

• Inconspicuous Classes: the unremarkable class scene contains objects of arbitrary size. This
is very common in DLA, where text can have different fonts and images or tables can have
different formats. To improve the performance of significantly small or large objects, spe-
cial attention must be paid to the different subregions that contain unremarkable category
elements.

The network is innovative as it implements the pyramid pooling module, which empirically
proves to be effective in analysing the context. The aim is therefore to expand the receptive field
by incorporating different levels of pooling by merging information from different sub-regions with
these receptive fields. The pyramid pooling module merges features into four different pyramid
scales.

The coarsest layer highlighted in red is global pooling to generate a single container output. The
following pyramid level separates the feature map into different subregions and forms an aggregate
representation for different locations. The output of the different levels in the pyramid pooling
module contains the feature map with various dimensions. To maintain the weight of the global
feature, a 1× 1 convolution layer is used after each pyramid level to reduce the size of the context
representation to 1/N of the original one if the pyramid layer size is N . The low-dimensional feature
maps are then directly upsampled to reach the same size as the original feature map via bilinear
interpolation. Finally, different levels of functionality are chained together as the final pyramid
pooling global functionality. Note that the number of pyramid levels and the size of each layer can
be changed. They are related to the size of the feature map that is placed in the pyramid pooling
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Figure 4.16: PSPNet Architecture [90]

layer. The structure abstracts different sub-regions by adopting pooling kernels of varying sizes in
just a few steps. Therefore, multistage kernels should maintain a reasonable gap in representation.
The pyramid pooling module is four-tiered with container sizes of 1 × 1, 2 × 2, 3 × 3, and 6 × 6

respectively.
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4.1.2 Mathematical Morphology

The word morphology is formed by morpho-, from the Greek µoρϕη i.e. ‘form’ and -logy from the
Greek λoγια i.e. ‘study, treatment’, thus meaning ‘study of form’. In the field of image processing,
the term mathematical morphology denotes the study of the geometric structure of the image. In
the mathematical context of image analysis, morphology is understood as the tool for the extraction
of image components useful for the representation and description of the shape of the region and
its language is set theory. Therefore, morphology is a powerful tool for numerous image processing
problems. Sets in mathematical morphology represent objects in an image. For example, the set of
all black pixels in a binary image is a complete morphological description of the image.

Morphology identifies neighborhood-based operators—those that relate pixels within a small
local region—as highly effective tools for processing both scalar and vector images. When applied
to binary images, such operators yield only two possible outcomes: 0 or 1. As a result, neighborhood
operations in binary images are focused on modifying object shapes by either adding or removing
pixels. As implemented for binary images, the operations are defined by Boolean algebra and so
pixel combination can only be performed using logical operations [47].

Morphological Operations

Five main operators are defined: Dilation, Erosion, Opening, Closing, Hit-or-Miss transform. These
operations, combined with different ‘structuring elements’, can transform an ‘object’ in various ways.
Erosion and Dilation are the elementary operators and all the others come from these and are defined
as combinations of these.

In order to understand morphological operations, it is necessary to define the Structuring Ele-
ment. The image structure is ‘probed’ with a user-definable shape set, usually encoded by a small
raster image (3×3 or 5×5). The morphological operators can be seen as an adaption of convolution
to binary images where the kernel is the structuring element (SE) and the multiplication is replaced
with a logical AND, and the summation with a logical OR (Boolean Operators). Therefore, the in-
fluence of morphological operations is governed by the size and shape of the mask as the structuring
element.

Dilatation and Erosion:

Suppose having a binary image where zeros represent the foreground while ones, the background
and all the values in the SE are set to 1. If at least one pixel within the neighborhood (the SE area)
is a 1, indicating part of an object, the result of the operation will also be 1. Otherwise, it will be 0.
This leads to dilation: the object grows, small holes or gaps are filled, and edges become smoother.
Interestingly, the same effect can be achieved using a rank value filter, specifically by applying the
maximum operator to binary images. If any of the pixels in the mask are 1, the maximum value is
also 1—mimicking the dilation result produced by binary convolution.

On the other hand, the minimum operator has the opposite effect. The output is 1 only when the
entire SE region falls within the object. This causes erosion, where thin connections are broken and
small objects that don’t fully contain the SE are removed entirely. Erosion can also be implemented
using binary convolution with logical AND operations.

In the case of erosion, the structuring element functions analogously to a filter or mesh, where
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the openings correspond to its shape. Objects that are smaller than these openings are effectively
removed from the image. An object will only be retained if, at least at one location, the structuring
element is fully contained within the object’s boundaries; otherwise, the object or portions of it will
be eliminated.

The mathematical formula for the dilation operation is shown below [35]:

A⊕B = {z|B̂z ∩A ̸= ∅} = {z|B̂z ∩A ⊆ A}

The expansion effect is due to the application of the structuring element near the edges. It
follows from the definition that the structuring element is tilted with respect to its origin, through
the operation of reflection, and shifted by z positions through a translation. The result of the
operator is the set of z positions such that Bz intersects at least one element of A.

The mathematical formula for the erosion operation is shown below:

A⊖B = {z|Bz ∩A ⊆ A}

the following relation:

(A⊖B)c = {z|Bz ∩A ⊆ A}c = {z|B̂z ∩A ̸= ∅}c = {z|B̂z ∩A ̸= ∅} = Ac ⊕ B̂

Opening and Closing:
Building upon the fundamental operations of erosion and dilation, more advanced morphological

transformations aimed at manipulating object shape for practical image processing applications are
introduced.

Erosion is particularly effective for removing small, isolated objects. However, it inherently
reduces the size of all remaining objects a side effect that is often undesirable. This drawback can
be mitigated by applying a dilation operation immediately after erosion, using the same structuring
element. The resulting combination is referred to as an opening operation.

The opening operation selectively removes objects that do not fully contain the structuring
element at any location, while preserving the overall size and shape of larger objects. It is especially
useful for eliminating narrow lines or features with thicknesses smaller than the diameter of the
structuring element. Furthermore, it contributes to a smoothing of object boundaries.

In contrast, the dilation operation enlarges objects and fills in small holes or gaps. To reverse
this expansion while preserving the filled regions, an erosion is applied after dilation, again using
the same structuring element. This sequential application is termed a closing operation.

The effects of these morphological operations on object area can be succinctly characterised by
the following relationships:

A ◦B = (A⊖B)⊕B

As regards the closing operation, this is mirrored by the opening operation and is described by
the following formula:

A ·B = (A⊕B)⊖B
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4.2 The Segmentation Pipeline

To achieve the objectives outlined in Section 2.3, the document segmentation task has been struc-
tured into two distinct phases. The first phase involves the segmentation of all major content types
within a document - such as text, tables and graphs - aimed at identifying the overall layout and
structural composition. The second phase focuses exclusively on the segmentation of textual com-
ponents, with the goal of analysing and subdividing them into coherent semantic units, such as
titles, paragraphs, abstracts, and other text-based regions.

This two-stage approach enables a progressive refinement of the segmentation process: ini-
tially, the document undergoes a broad segmentation to localise and classify all relevant objects;
subsequently, a focused analysis is conducted on the textual areas to extract higher-level seman-
tic information. The segmentation tasks are therefore executed sequentially first identifying the
structural elements of the document, and then applying more detailed analysis to the text alone.

In pursuit of these goals, multiple models have been evaluated for their effectiveness in the two
phases. For the first phase - the layout segmentation - two Convolutional Neural Network (CNN)
architectures were tested. These end-to-end models are capable of reconstructing an input image
into a segmented output, where each region corresponds to a specific document component. This
allows for accurate localisation and classification of various objects contained within the document.

For the second phase - the text-only segmentation - an end-to-end multiscale CNN has been
used and also a customised heuristic approach based on principles from Mathematical Morphology
has been developed.

In fact, in order to be able to obtain a classification of paragraphs these must be evaluated for
their homogeneity of characters which is then reflected in their size and font. These features can
be captured by models that take into account variation in the scale of an object to be identified as
well as by the morphology these take on.

Subsequently, another end-to-end CNN was used for the segmentation of all classes simultane-
ously.

The main objective, as stated in Section 2.3, is to perform both classification and localisation
in order to achieve the segmentation of document components. This requirement aligns well with
the framework of semantic segmentation, which allows for pixel-level classification of each docu-
ment region. Such granularity is essential for distinguishing between different types of content and
facilitates a structured and organized extraction of document components.

This chapter provides a detailed explanation of the methodologies and models employed for both
phases, including a discussion on the rationale behind the selected approaches and their respective
performance in addressing the defined objectives.

4.2.1 Segmentation of layout components

The implemented model aims to segment four classes: the background, all text parts indiscrimi-
nately, tables and finally graphs.

To this end, two tests were carried out using two well-known convolutional networks: the U-net
[70] and the Doc UFCN network [8], both of which are explained in 4.1.1.

The former is well known for its ability to reconstruct partitioned images with high resolution,
while the latter uses dilated convolution.
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The exact model of the Unet implemented for the classification of layout components includes the
layers as described in the paper [70] and in 4.1.1 with a modification relating to the deconvolution
path. In fact, the network uses upsampling instead of the transposed convolution implemented for
the project.

With regard to the Doc UFCN network, explained in 4.1.1, has a contraction path composed of
five convolutional layers each of which implements a dilated convolution with a dilation rate of 1,
2, 4, 8, 16. As with the classic U-net, the number of filters is 16, 32, 64, 128 and finally 256. Each
layer consists of a convolution with kernel size 3× 3 dilated, followed by Dropout with a rate of 0.2,
followed by another convolutional filter and finally max pooling 2× 2. The expansive path, on the
other hand, implements transposed convolution, as reported in 4.1.1. It therefore consists of four
layers of transposed convolution, followed by the concatenation of the same layer of the decoding
path, a convolution filter 3 × 3, dropout and another convolution filter. This path reproduces the
image at the same resolution as the input and is followed by the last convolutional layer 1× 1 with
activation softmax and so as output a number of features map equal to 4, i.e. the number of desired
classes.

The strength of this network lies in the fact that it expands the receptive field, thus considering
broader features. Dilated convolution can be thought of as a zoom out of the image itself, which
then captures the main characteristics of each class. In this way, it is possible to clearly identify the
fundamental characteristics of the layout, thus defining the desired classes. In fact, if we consider the
class of tables, for example, these differ from all other parts of the text because they are inserted into
a structure composed of lines and because they are arranged in columns. If the network captured
features that were too specific, it would lose the ability to define the object as a whole. In fact, the
dataset evaluated on this network shows better performance than the U-net, as reported in 5.3.

4.2.2 Segmentation of text components

As above explained, the paragraph reports the models used for text-only segmentation. An end-
to-end convolutional network was used for this purpose, and heuristics in the area of mathematical
morphology were also defined.

CNN Architecture

In order to be able to well classify all parts of text, the end-to-end CNN MSNet, 4.1.1 capable of
extracting multiscale features, was used. The architecture of the CNN used for this task, follows
for the encoding path the Resnet-50 with weights pretrained for the ImageNet challenge [20, 38].
Dropout layers have been added to the Resnet-50 architecture in order to minimize the possibility
of overfitting. The last convolutional layer of the resnet is the input to the MSNet module as shown
in 4.1.1. That module implements in parallel 3 × 3, 5 × 5, 7 × 7, 9 × 9 convolutional layers that
allow feature extraction at different levels of the receptive field preserving both local patterns and
global spatial structure and permitting the correct classification of characters of different size. The
decoder phase follows the Unet architecture with skip connections and Upsampling layers.

MSNet’s module integrates multi-scale feature extraction and fusion into a single segmentation
model tailored for high-resolution document layouts. By combining diverse receptive fields and pre-
serving spatial detail, MSNet excels at distinguishing both large and fine-grained layout components
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in a unified, end-to-end architecture.

Heuristics in the Morphological domain:

The idea is to make a clustering of the text into homogeneous parts. To define homogeneity, the
difference between the size of the characters was chosen. In order to calculate this difference,
mathematical morphology was used, which, as explained above, makes it possible to define the
form of an object by means of elementary operations and the structural element with which it
operates. Since morphologically a character can be represented by a cube, this was taken as the
elementary reference structure. For erosion to be significant, the structuring element must be equal
to the size of the average character, so the first step is to increase the resolution of the image. This
is followed by dilation until an entropy value almost equal to one is reached so that the number
of black pixels is almost equal to the number of white pixels. Finally, the erosion steps, always
with a square elementary structure, where each connected component is clustered according to the
iterations required to erode it.

• image resolution increase

• dilation with sphere elementary structure until homogeneous zones are reached:

• stop criterion: calculation of entropy if the number of black pixels is approximately equal to
the number of white pixels then stop dilation

• erosion with square elementary structure: the number of erosion steps is calculated and the
characters are clustered according to these

4.2.3 Simultaneous Segmentation of all components

In order to be able to well classify all the components of a text, a CNN with Atrous Spatial Pyramid
Pooling has been implemented as explained in 4.1.1. Specifically the architecture of the CNN used
follows for the encoding path the Resnet-50 with weights pretrained for the ImageNet challenge
[20, 38]. Dropout layers have been added to the Resnet-50 architecture in order to minimize the
possibility of overfitting. The last convolutional layer of the encoding path is the input to the Atrous
Spatial Pyramid Pooling. The decoder path follows the Unet architecture with skip connections and
Upsampling layers. The Atrous Spatial Pyramid Pooling (ASPP) module, which comes after the
encoding path, enables the model to capture multi-scale contextual information. This is achieved
by applying parallel atrous (dilated) convolutions with different dilation rates. This improves the
accuracy of segmentation in documents with layouts containing objects of different dimensions.
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4.2.4 Evaluation metrics

In semantic segmentation tasks, evaluation metrics play a critical role in assessing model perfor-
mance. Since the models in use classify each pixel, their evaluation must be addressed with a
statistic that determines whether they are well-classified. In fact, the output representation of the
model is a map of the areas of each component, so the metrics used to evaluate the model are in
function of the pixels classified [32, 69].

The definitions of the metrics used, which are derived from the confusion matrix, are given
below:

Figure 4.17: Confusion Matrix

• True positive (TP) represents the number of pixels correctly classified as positive

• False positive (FP) represents the number of pixels incorrectly classified as positive

• True negative (TN) represents the number of pixels correctly classified as negative

• False negative (FN) represents the number of pixels incorrectly classified as negative

Pixel Accuracy: is defined as the ratio of correctly classified pixels to the total number of
pixels. It is calculated by the following equation:

PA =

∑K
i=1 nii∑K
i=1 ti

where: nii is the number of pixels correctly predicted for class i, ti is the total number of pixels
belonging to class i, K is the total number of classes.

Although PA provides a straightforward measure of segmentation accuracy, it can be misleading
in class-imbalanced datasets, as it tends to favour dominant classes.

Precision: TP
TP+FP measures the accuracy of the positive predictions from all the pixels classified

as positive
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Recall: TP
TP+FN measures the accuracy of the positive predictions from all the positive samples

in the dataset

Accuracy: TP+TN
TP+TN+FN+FP measures the total accuracy of predictions from all the samples in

the dataset

Intersection over Union (IoU) or Jaccard index: TP
TP+FN+FP measures the accuracy of

positive predictions from the samples not correctly classified.
For a given class i, the Intersection over Union (IoU) is calculated as:

IoUi =
nii

ti +
∑K

j=1 nji − nii

where: nii is the number of true positive pixels for class i,
∑K

j=1 nji is the total number of pixels
predicted as class i, ti is the number of ground truth pixels for class i.

Figure 4.18: Intersection Over Union

It measures the overlap between a predicted class and the ground truth. Essentially, IoU deter-
mines how well the predicted semantic classes align with the real object segmentation. It computes
the intersection, i.e. the area where the predicted segmentation and the actual segmentation over-
lap, in order to obtain the combined area of the predicted and actual segmentation. The final
calculation is made by dividing the area of intersection by the area of union. IoU values range from
0 to 1, where 1 represents a perfect match (complete overlap), and 0 represents no overlap.

Mean Intersection over Union: [18, 28] is a more informative metric that evaluates the
average overlap between the predicted segmentation and the ground truth for each class.

The mean IoU is then the average across all classes:

mIoU =
1

K

K∑
i=1

IoUi

mIoU is particularly valuable in scenarios with class imbalance, as it penalizes both false positives
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and false negatives, thus providing a more balanced evaluation than pixel accuracy.

DICE or F1 score: 2∗TP
2∗TP+FN+FP is a metric used to evaluate the performance of classification

and segmentation models in cases with unbalanced data sets and is calculated as the harmonic mean
of precision and recall.

Figure 4.19: Dice or F1 score

Eleonora Ammaturo 61



Chapter 5

Experimental Results

This chapter begins by detailing the various datasets employed in training the models discussed in
4.2, with particular emphasis on the use of PDF documents and their transformation into image
formats suitable for machine learning tasks.

Subsequently, the chapter presents a comparative evaluation of the experimental results against
state of the art approaches.

The results are systematically categorised based on the type of component segmented: layout
elements, text-only elements, and comprehensive segmentation involving all defined classes.

Following the performance evaluation, the chapter provides an analysis of the energy impact
associated with the proposed system, including a comparison between the energy consumption of
the Sapient system and that of human processing.

Finally, the chapter concludes with a discussion of indirect outcomes, specifically focusing on
the implications for digitisation and dematerialisation.

5.1 Dataset

In contemporary digital workflows, virtually all types of documents are created, shared, and archived
in PDF (Portable Document Format). As a result, understanding the characteristics of PDF and
its transformation into image formats is crucial for the implementation of the model described in
Section 4.2. This section explores the fundamental properties of the PDF format and discusses the
rationale behind its conversion to raster image formats such as JPEG and PNG for processing in
semantic segmentation pipelines.

The Portable Document Format (PDF) was developed by Adobe Systems in the early 1990s as
a solution to the challenges of cross-platform document exchange. Its core purpose is to maintain
the visual integrity of a document—including layout, fonts, graphics, and images—regardless of the
device, software, or operating system used to view it [77]. The format is based on the PostScript
imaging model but is more structured to facilitate interactive viewing and reliable rendering.

A PDF document may consist of one or more pages, each capable of containing a combination
of text, vector graphics, raster images, and interactive elements such as hyperlinks, annotations,
and form fields. Its design ensures device and resolution independence, making PDFs ideal for
high-fidelity rendering across printers, screens, and platforms.

The PDF file format is composed of several well-defined components:
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• Objects: These include text, fonts, images, and other resources.

• File structure: Specifies how objects are stored, accessed, and cross-referenced.

• Document structure: Defines the logical arrangement of content, such as pages, outlines, and
metadata.

• Page description: Encodes the actual visual appearance of each page using graphical operators.

PDFs also support font embedding, ensuring consistent text rendering even if the viewer lacks the
original fonts. In terms of performance, PDFs offer compression techniques (e.g., JPEG for images,
LZW and ASCII85 for text and graphics), random access to pages via cross-reference tables, and
support for incremental updates—enabling quick modifications without rewriting the entire file.

Finally, PDF is an extensible format, designed to incorporate multimedia and future content
types while maintaining backward compatibility.

Given their fixed-layout nature and visual fidelity, PDFs can be accurately transformed into
raster image formats such as JPEG or PNG. This conversion is essential in tasks like semantic
segmentation, where pixel-level classification is required. The reasons for high-accuracy conversion
include:

1. Fixed Layout: Each element in a PDF is positioned precisely, enabling an accurate visual
snapshot when rasterized.

2. Device Independence: The layout is preserved across different resolutions and platforms.

3. Advanced Rendering Engines: Tools like Adobe Acrobat, PDFium, and Ghostscript can render
each page with high precision at configurable resolutions (DPI).

4. Embedded Resources: Fonts and images are embedded within the file, ensuring consistency
and eliminating external dependencies during rendering.

As a result, each PDF page can be treated as a visual canvas, structurally rich but ultimately
represented as a two-dimensional image suitable for computer vision tasks.

Once converted, PDF pages are typically stored in JPEG or PNG formats, both of which have
distinct characteristics suited to different processing needs.

The JPEG format is based on a lossy compression algorithm designed in the early 1990s, ideal
for compressing complex color images such as photographs. While JPEG itself is not a file format,
implementations like JFIF (JPEG File Interchange Format) and SPIFF (Still Picture Interchange
File Format) serve as container formats. JPEG supports 24-bit color depth and achieves high
compression ratios, making it suitable for large-scale document datasets.

JPEG’s main advantages include:

• Compact file size

• Broad compatibility

• Efficient storage for scanned documents or photograph-heavy pages
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However, its lossy nature may introduce artifacts in high-detail regions, making it less suitable
for tasks requiring pixel-level precision.

The PNG format, introduced in 1996, provides a lossless compression alternative. It uses a vari-
ant of the LZ77 algorithm and supports color depths from 1-bit to 48-bit, transparency, interlacing,
and error detection mechanisms. As an open format without licensing restrictions, PNG has be-
come popular for applications requiring crisp, artifact-free image representation—such as text-heavy
documents and diagrams.

Notable advantages of PNG include:

• Preservation of image quality

• Support for transparency (useful in document overlays)

• Rich metadata support

PNG is particularly valuable when accurate preservation of text and line-art is essential, as in
document layout analysis and OCR preprocessing.

The rationale for Image Format Selection used in this project, involves the choice of image format
for PDF page rendering which is influenced by the trade-off between file size, image quality, and
processing requirements. PNG is preferable for lossless processing and precise text segmentation,
while JPEG may be used for faster processing of visually complex pages where minor losses in detail
are acceptable.

The conversion of PDF documents into these image formats enables the application of deep
learning models, such as convolutional neural networks, for layout detection and semantic segmen-
tation—thereby bridging the gap between structured document representation and image-based
pattern recognition.

5.2 Datasets used in this project

In order to train and evaluate the classification pipeline, several datasets were used which are
described here.

For the training of the layout components model described in 4.2.1 the PubLayNet dataset [91]
has been used. It is a large-scale dataset designed for document layout analysis, specifically targeting
academic publications. PubLayNet annotations are provided in COCO format and each document
page is annotated with bounding boxes for layout elements. The annotated categories include:

• Text – Paragraphs or blocks of body text.

• Title – Titles of sections or the paper itself.

• List – Bulleted or numbered lists.

• Table – Tabular data.

• Figure – Graphs, charts, and images.
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For the specific aims of the model described in 4.2.1, the dataset has been composed of four
classes: all the text parts without distinction, tables, figures and finally white background. In order
to adapt the dataset for semantic segmentation, each of the above classes was assigned a colour
and each bounding box was modified so that all pixels within or on the boundary of the box were
labelled with the relevant class.

The dataset comprises 2,000 images and their respective masks. All of the images are in RGB
PNG format, and the grayscale PNG masks are categorised into four classes, which are represented
by the array [0, 1, 2, 3].

The results of the model training with the described dataset are reported in 5.3.1

For the training of the text-only model, reported in 4.2.2, the first 79 PDFs were taken from the
PMC Sample 1943 dataset [65] a public dataset of scientific articles, comprising 1,943 articles in
the Pubmed repository, and were manually annotated for a total of 808 images of publication data.
Each paper in PDF has been annotated using Adobe Acrobat’s redaction tool, thanks to which each
component has been colour-coded with an RGB colour, so that the document is totally annotated
in all its parts with a different colour. A copy of the PDF was then saved giving a redacted
or masked version of the document and the original document itself. The original document is
converted to an RGB PNG image, while the masked document is converted to a grayscale PNG.
The final components annotated were: Title, Section Header, Authors’ names, Text, Abstract,
Table, Caption, Figure, Footnote, References, Page Footer and Header.

To obtain a broader classification system for text classes, the dataset was expanded to include
images from sources other than scientific papers. This enabled a more comprehensive modelling
of different font types and increased the size of the dataset. For this purpose, the DocLayNet
dataset [64] has been used. The DocLayNet dataset is a modern and comprehensive benchmark for
document layout analysis, designed to reflect the diversity and complexity of real-world documents.
It was introduced to address limitations of older datasets like PubLayNet by including a broader
range of document types, better-quality annotations, and a richer label taxonomy. In fact, scanned
and computer native documents were taken from various domains such as: government records,
scientific articles, legal contracts, magazines and books.

Annotations in DocLayNet go beyond basic bounding boxes. They are provided in COCO
format, including pixel-accurate segmentation masks for all layout elements. As with Publaynet,
the masks have been modified in order to apply them to the model. The dataset comprises 11
categories: Title, Section Header, Text, Table, Caption, Figure, Footnote, Formula, List, Page
Footer, Page Header. From this dataset 2000 images and their relative masks have been used.

The results of the model training with the described dataset are reported in 5.3.2
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5.3 Results obtained and comparison with Literature

The paragraph reports the results obtained and the relative models used, including a comparison
with the state of the art.

All models have been trained on Google Colaboratory, commonly known as Colab, a cloud
platform based on Jupyter Notebook, which allows the execution of the Python code in the browser,
leveraging the hardware resources provided by Google, specifically the T4 GPU has been used.

As regards the segmentation of layout components, i.e. text, tables and images, two different
models were used: Unet [70] and Doc UFCN [8], described in section 4.1.1.

For text segmentation alone, however, the heuristic described in section 4.2.2 and the CNN
described in section 4.2.2 were used.

Finally, for the segmentation of all the components the model is described in 4.2.3.
The results of each model are reported alongside the dataset used for that model. Therefore,

the first paragraph refers to the segmentation of layout components 4.2.1, while the second refers
to the segmentation of text parts 4.2.2.

5.3.1 Results related to layout components

For training the first model, the PubLayNet dataset [91] reported in 5.2 was used, specifically 2000
images representing all text parts, tables and figures and randomly divided into training (60%),
evaluation (20%) and test sets (20%) resized to 512 × 512 pixels. The images used were in RGB
PNG format while the relative masks in grayscale PNG format. The first test was carried out using
the U-net model, in which the deconvolution phase consists of a transposed convolution. The Loss
function used is the categorical cross entropy and as optimizer Adam with Learning rate of 10−4.
Training was set up with a batch size of 3 and 50 epochs, but thanks to early stopping, it stopped
at 18, achieving an accuracy of 94% and IoU of 80%.

Below are images of the training and validation assessments.

Figure 5.1: The evaluation of the model
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The second test was carried out using the Doc UFCN architecture, reported in 4.1.1. The Loss
function used is the categorical cross entropy and as optimizer Adam with Learning rate of 10−4.
Training was set up with a batch size of 3 and 50 epochs, but thanks to early stopping, it stopped
at 34, achieving an accuracy of 97.72% and IoU of 90.15%.

Below are images of the training and validation assessments and three examples of segmentation.

Figure 5.2: The evaluation of the model

Figure 5.3: Overlay of segmentation
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Figure 5.4: Overlay of segmentation

The state-of-the-art comparison is carried out objectively, thus comparing the paper [83] that
determines the segmentation of the same classes, albeit with a very different network architecture,
as it implements 4.1.1. The paper reports an IoU of 90.55%.
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5.3.2 Results related to text-only segmentation

As regards the results obtained using the CNN explained in 4.2.2, the dataset used is composed of
2833 images, the 833 manually annotated images have been expanded with 2,000 RGB images of
512×512 from the DocLayNet dataset, which have also been modified so that the abstract class and
authors not present in the dataset can also be obtained. So the final classes were 11 and comprise:
Title, authors, abstract, header, footer, paragraph, title of paragraph, captions, notes and lists. The
Loss function used is the so called Combination Loss Loss = α ∗ ce+ (1−α) ∗ dsc where the scalar
α has been set to 0,5 and ce represents the categorical cross entropy while dsc the Dice Loss. As
optimizer Adam with Learning rate of 10−4. Training was set up with a batch size of 5 and 50
epochs, but thanks to early stopping, it stopped at 18, achieving an accuracy of 96.5% and IoU of
80.15%. The figures represents the training and validation Accuracy and Loss and two examples of
predictions.

Figure 5.5: Training evaluation over epochs

Figure 5.6: Prediction
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Figure 5.7: Prediction

As regards the results obtained using the heuristic explained in 4.2.2, an evaluation was carried
out based on the average intersection over union of 50 outputs generated with the relative masks,
which was reported as 99.3%.

The high result is possible thanks to the fact that the model does not require an upsampling
phase, as the heuristic operates directly on the characters. The connected components of the per-
fectly scanned text-only images each represent a single character, and it is the number of iterations
required for the erosion operation that determines their classification.

Figure 5.8: Output of Heuristic 4.2.2

The model could be compared with the paper Historical document analysis [66]. Although
the paper investigates cases where few training samples are available, its main objective is region
classification. This includes detecting dominant blocks, such as highlights, main text, glosses, drop
caps, initials, and other ornaments. The paper proposes using different variants of the UNet network,
achieving an IoU of 81.71%.
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5.3.3 Results related to all components

As regards the results obtained using the CNN explained in 4.2.3, the dataset used is composed of
2833 images, the 833 manually annotated images have been expanded with 2,000 RGB images of
512×512 from the DocLayNet dataset, which have also been modified so that the abstract class and
authors not present in the dataset can also be obtained. So the final classes were 13 and comprise:
title, authors, abstract, header, footer, paragraph, title of paragraph, graphs, captions, tables, notes
and lists. The Loss function used is the so called Combination Loss Loss = α ∗ ce + (1 − α) ∗ dsc
where the scalar α has been set to 0, 5 and ce represents the categorical cross entropy while dsc the
Dice Loss. As optimizer Adam with Learning rate of 10−4. Training was set up with a batch size of
10 and 50 epochs, but thanks to early stopping, it stopped at 12, achieving an accuracy of 95.79%
and IoU of 74.89%.

Figure 5.9: Training evaluation over epochs 4.2.2

Figure 5.10: Prediction 4.2.2
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Figure 5.11: Prediction 4.2.2

Figure 5.12: Prediction 4.2.2

For simultaneous segmentation of the above classes, the reference paper is [58] although this
yields excellent results in many classes. The paper investigates more models and defines also an
architecture that is a variant of Unet with Resnet-50, to which the pyramid pooling module is
concatenated.

However, the Deeplab v3+ 4.1.1 architecture has produced the best results in 43 classes, achiev-
ing 78.08% IoU, thanks also to the definition of a bounding box regression method.
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5.4 Improvements

Aspects relating to reducing environmental impact are taken into consideration, comparing the
performance of the software produced by the project with that of a human user. The methodology for
simplified assessment of the impact of the software-hardware (SW/HW) relationship of tools in use
in the Company Expert.ai is reported below. For an approximate assessment of the environmental
impact that the use of SW/HW tools for the execution of simple or complex tasks can have, it is
advisable to proceed with a human-machine comparison considering three main aspects:

• Power consumption

• Emissions and resource consumption

• Time and productivity

In the first analysis, it is possible to proceed with the general quantitative evaluation of the
previous points by measuring the individual items in relation to predetermined units of time (day,
month, year). Secondly, these measures can be specified by referring to certain and circumscribed
tasks/problems.

5.4.1 Comparison between enterprise application integration (EAI) systems
and human energy consumption

The Proximity Placement Groups (PPGs) has 7 Virtual Machines (VMs) and 3 physical hosts
on which as many servers and machines for batch development/execution are implemented, with
various HW and SW configurations. To estimate power consumption with reasonable accuracy, it is
sufficient to normalise this set of machines as if they were ’hosted’ on a single server/rack hardware
component: EAI usually equips itself with machines equal or similar to the DELL PowerEDGE
R720, which can be taken as a reference to estimate a general power consumption. This HW
component mounts two redundant power supplies (one of which serves as a backup) which have
a nominal power (peak - therefore not continuous and not at full capacity) of 870W. To measure
energy consumption, given and known the value of the potential (V ) supplied by the electricity
supplier (220/230V – domestic contracts, 480V for company/three-phase contracts), it is necessary
to use an ammeter to measure the intensity of electric current (I) absorbed by the device at a
given instant: the product of these two values returns the value of instantaneous power absorbed
by the machine (P = V xI); this value must be compared to the unit of time to obtain the energy
consumption expressed in Wh or kWh. Since this procedure is difficult to implement, the energy
consumption of the machine is estimated, which can be approximated with about half of the nominal
power (approx. 435W/h) added to a percentage of peak consumption that depends on the use of
the device. This is possible if the following considerations are made: a. In steady state (without
absorption peaks due to SW processes that increase the energy demand to the HW components), the
rate of the power supplies can be approximated to a sine wave with a continuous component equal
to half of the nominal power; b. In peak state (SW processes that consume energy), the behavior of
power supplies is still approximate to a sine wave, but with a higher continuous component than in
steady state, which depends on the percentage of time that the machine is in peak state compared
to steady state. If we hypothesize on an empirical basis a peak regime of 30% compared to the

Eleonora Ammaturo 73



5.4. Improvements

total power-on time, during which the device absorbs an instantaneous average power of 650W ,
we can estimate the power consumption by weighted average: (70 ∗ Ps + 30 ∗ Pp)/(30 + 70) = 499

5W Where Ps state as steady-state power and Pp refers to peak power. We therefore assume an
energy consumption of approximate 500 watt-hour (Wh), or 12kWh per day, 4380kWh per year. In
fact, the most modern HW components are equipped with energy-saving tools that, in stationary
conditions, allow consumption to be reduced by up to 50%, and which were not considered in these
estimates.

5.4.2 Evaluation of the energy consumption of a specific task with HW EAI
tools – PPGs

Based on the above calculations, we can proceed with the calculation of the energy consumption of a
single SW process running on the HW systems supplied. In particular, a running process is actually
executed by only one of the VMs installed on the machine, which is why it does not take up all the
100% HW resources, which are sized to perform many tasks at the same time (managed by multiple
VMs). Previously, we assumed that all ten of our VMs are hosted by our HW component, so we
can estimate a consumption of 10% of the total for each (rough estimate), or 50 Wh in "mixed"
mode. For example, a crawling job that takes 2 hours to execute will consume 0.1 kWh (which is
the portion of energy consumed by the SW, not by the entire HW, where SW means the whole of
the OS and the crawling process).

5.4.3 Evaluation of human energy consumption

To estimate human energy consumption, we must use the daily averages of an adult person (av-
erage estimated taking into account both rest periods and study/work periods). In particular,
the daily energy consumption of an adult, on average, is indicated as follows: 2000kCal/day =

8400kJ/86400s = 2.326kW = about100Wh It should be emphasized that this energy consumption
is not due in particular to work task activities, but is such given the normal existence of the individ-
ual. Let’s now evaluate how much it costs in terms of CO2 emissions to produce electricity. In Italy,
the estimated CO2 production is 406g/kWh, i.e. 406 g of CO2 emitted for every kWh of energy.
The crawling job in the previous example consumed 0.1kWh, which is equivalent to about 40g of
CO2, while the HW component in use by the FP group is responsible for emitting 12x406 = 4.87kg

of CO2 per day. In the case of humans, on the other hand, assessing CO2 emissions is more compli-
cated, as it would be necessary to evaluate CO2 emissions for each calorie consumed. The greatest
difficulty, however, is to evaluate the food source of the calories consumed by the individual, and
to evaluate the CO2 emission to produce every possible food. For this reason, we will proceed with
an estimate. According to a German study, the environmental impact of food production (assessed
per kg of CO2 produced for each kg of food) varies from about one kg for starchy foods, a couple of
kg for fruit and vegetables to about 14 kg for beef. For a correct evaluation, it would be necessary
to estimate in what percentages these foods are consumed by an individual (also depending on the
nationality) as well as the environmental impact of the food cooking process. For simplification,
let’s take as a model a Western/Mediterranean diet consisting of 50% starchy foods, 10% fruit and
vegetables and 40% meat (white, red, fish). Assuming the consumption of 2000 Cal/day, we can
estimate: 1000Cal from starchy foods is about 300g of CO2 200Cal from fruit and vegetables is
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approximate 500g. So 1kg of CO2 ia about 800 Cal from meat. 3 kg of CO2 total: 4.3 kg CO2 per
day is comparable to the emission of our HW component.

5.4.4 Consumption of material resources

The consumption of natural resources can be estimated on the one hand in the consumption of
water for energy production and human activities, and on the other hand by the consumption of
resources to perform a specific task. In our crawling job example, a human would likely consume
a large amount of paper, which is saved by using the technology. As far as water consumption is
concerned, this can be done in the same way as for CO2 emissions.

5.5 Indirect results

One of the indirect aspects is the digitisation and dematerialisation of the documents processed by
the systems described above. Such applications are currently a necessity for both private and public
companies. It is indeed a common goal to reduce paper documents (paperless office), i.e. to convert
them into digital format. One of the indirect yet increasingly critical aspects of implementing the
systems described above is the digitisation and dematerialisation of the documents they process.
This process involves converting physical, paper-based documents into digital formats that can be
more efficiently stored, retrieved, and analysed. A central technological enabler of this transforma-
tion is optical character recognition (OCR), which allows for the automatic extraction of textual
information from scanned images or photographs of documents. OCR technologies, particularly
those enhanced by machine learning and deep learning algorithms, have significantly improved in
accuracy and versatility, making them suitable for processing a wide variety of document types —
from structured forms to unstructured handwritten notes.

Such applications are no longer optional; they are now essential for both private enterprises and
public sector organisations that must manage growing volumes of information while ensuring acces-
sibility, security, and compliance with regulatory standards. The broader aim is the creation of a
paperless office, wherein paper documents are minimised or entirely replaced by digital equivalents.
Beyond reducing physical storage needs and operational costs, this transition facilitates automation,
enhances data availability for downstream machine learning tasks, and supports environmentally
sustainable practices. By embracing digital documentation, organisations can streamline workflows,
improve data accuracy, enhance security through encryption and access controls, and facilitate re-
mote or hybrid work environments. This shift also supports broader sustainability goals by reducing
the reliance on paper, printing, and physical storage. The digitisation and dematerialisation of doc-
uments thus represent not only an administrative improvement but also a strategic foundation for
developing intelligent, data-driven systems in contemporary organisations.

5.5.1 Digitisation

Once a document has been digitised it can be handled by different kinds of systems, making in-
creasingly agile all those processes that can be automated. In particular, the main purpose is the
provision of services that can be used regardless of the place where you work and the IT tools
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you use. In fact, digitisation allows the documents produced or converted to be shared and stored
through IT platforms that are delocalised with respect to user access.

Digitisation therefore means abandoning traditional, so-called analog tools, in order to stream-
line workflows and automate activities and procedures, whether related to the production and dis-
tribution of products and services, marketing and sales, customer care, or pertinent to the document
management of administrative, accounting and tax material. Digitisation is therefore a necessary
choice, capable of bringing many advantages, first of all, the elimination of paper is a sustainable
choice and allows you to save space: everything is stored and managed through a computer without
archives and cabinets. Secondly and finally, the acquisition of new digital tools has significantly
reduced the time required to access a particular document or complete a task.

In the case of the Public Administration, digital innovation is a necessity for the efficiency of the
services provided but also because it allows to seize all opportunities both within the administrations
and in the relations between them with citizens and businesses. The objectives it pursues are related
to the promotion of digital citizenship rights and forms of participation favoured by a government
that promotes the development of public platforms for the provision of services, the expansion of
digital citizenship and the sharing of ideas and information. In addition, the aim is to obtain
transparency in order to be able to access all the information necessary for the functioning and
work of public administrations.

5.5.2 Dematerialisation

Dematerialisation is the digitisation process that aims to initiate processes of digital translation of
paper documents necessary to carry out activities. Once dematerialised, therefore, the documents
can also be used online, and this allows companies and Public Administrations that have procedures
and tools for carrying out work even remotely to provide all services and products as in physical
spaces.

This process involves a series of operational and technological adaptations that are essential for
everything to work in a coherent and safe way. Dematerialisation does not simply mean eliminating
paper document supports and the physical archives that contain them, but contextualizing them
in the broader context of digitisation. This is only the first, essential step that must be taken in
the field of document management. This means that infrastructures, practices and solutions must
be built around dematerialisation initiatives in the strict sense that allow users and machines to
access, use and store documents in their new format.

The term dematerialisation therefore indicates the progressive increase in computerised docu-
ment management within an organisation, with the gradual replacement of traditional documenta-
tion supports with adequate information systems. The main objective of dematerialisation processes
is to convert paper documents into electronic documents. It is necessary to preserve, thanks to ap-
propriate certified platforms, including electronic signature platforms, both their legal value, and
the elements that allow their identification in the company and reference archival context. The con-
version of paper documents into electronic documents is the basis of the preservation that intends
to replace traditional folders and archives with databases and allows documents to be stored in a
more secure and environmentally friendly way and which can be made available to anyone who has
the credentials to view and modify them. In the same way, it becomes possible to eliminate the
original paper documents of which an electronic copy has been produced. The primary objective of
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the gradual elimination of paper, through the computerisation of processes, is to simplify relations
between the Public Administration and citizens or businesses. It is however clear that there would
also be advantages in terms of the efficiency of document management, the quality of the work of
public employees and the containment of operating costs.
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Conclusions

This Thesis has presented an in-depth investigation into the problem of Document Layout Analysis
using Convolutional Neural Networks (CNNs), with a particular emphasis on the segmentation of
components in text-based images. The overarching objective was to develop a method capable of
performing segmentation at two complementary levels: the layout level, which involves the iden-
tification and differentiation of structural regions within a document (e.g., text sections, images,
tables, and graphic elements), and the text level, focusing on the finer-grained segmentation of tex-
tual elements (e.g., Title, paragraphs, notes etc.). These steps are critical in the broader context of
Optical Character Recognition (OCR) systems, where precise segmentation directly influences the
quality and reliability of subsequent character recognition and text extraction processes.

To address this problem, a multi-phase model was designed. Initially, the segmentation task was
approached in two distinct stages to separately tackle layout segmentation and text-level segmen-
tation. This phase design facilitated targeted optimization for each problem space and allowed for
the exploration of specialised architectures and techniques suited to each task. Later in the project,
insights from both phases were integrated into a unified framework - a single end-to-end Convolu-
tional Network capable of learning all relevant document regions simultaneously. This unification
resulted in improved coherence, reduced system complexity, and streamlined training and inference
workflows.

The core architectural paradigm employed throughout this work was that of Semantic Segmen-
tation, implemented through Fully Convolutional Networks (FCNs). These networks, by replacing
traditional fully connected layers with convolutional layers, enabled spatially invariant processing
of images, preserving location information essential for segmentation tasks. FCNs were particularly
suited for learning both coarse and fine-grained representations, making them ideal for document
image analysis. The encoder-decoder structure allowed the model to extract hierarchical features in
the encoding phase while reconstructing pixel-wise segmentations in the decoding phase, ensuring
both semantic understanding and spatial precision.

For layout segmentation, a CNN leveraging dilated convolutional layers was developed. This
approach allowed the model to capture large receptive fields and aggregate contextual information
from a broader area without increasing the number of parameters or computational cost. As a
result, the network demonstrated strong performance in identifying and classifying various document
regions including text sections, background, graphical illustrations and tabular structures.

The text-level segmentation task introduced unique challenges due to the variability in font
styles, character spacing, and writing orientations across documents. To tackle these, two comple-
mentary approaches were adopted. First, a multiscale end-to-end CNN was implemented to enable
robust feature extraction across multiple resolutions. This architecture was particularly effective

78



5.5. Indirect results

in capturing the nuanced features of different characters and text patterns, facilitating accurate
segmentation at various scales.

Second, a heuristic method based on Mathematical Morphology was introduced. By the employing
of the morphological operation of the erosion, the heuristic method was able to segment text regions
based on geometric and structural cues. Although more rule-based and less flexible than learning-
based methods, this approach provided valuable complementary insights and demonstrated practical
effectiveness.

To unify both layout and text segmentation under a common framework, the final phase of
the project implemented an end-to-end convolutional network based on the DeepLab architecture.
Known for its use of Atrous Spatial Pyramid Pooling (ASPP) and deep feature extraction, the
model offered a high degree of accuracy and adaptability across document types. This architecture
enabled simultaneous segmentation of all relevant document components, making it a robust and
scalable solution.

Beyond the technical contributions, this research advances the field of document image analysis
by proposing a systematic and modular approach to segmentation. It provides a viable alternative to
traditional rule-based or shallow learning techniques, many of which lack the flexibility or precision
required for modern, diverse document formats. The use of deep learning -particularly CNN-based
architectures- demonstrated the ability to generalize across varied layouts and character structures, a
key requirement for real-world applications such as digital archiving, automated document indexing,
and intelligent content retrieval.

The outcomes of this research open up several promising directions for future work. Further
improvements could be achieved by incorporating attention mechanisms or transformer-based ar-
chitectures to better capture long-range dependencies within documents. Moreover, extending the
segmentation approach to handle non Manhattan layout or handwritten text could significantly
broaden its applicability.

In conclusion, the models and methodologies developed in this Thesis offer a comprehensive
and flexible solution to document segmentation challenges. The research not only contributes to
the academic understanding of semantic segmentation in the context of document images but also
provides a strong foundation for future innovations in OCR and automated document understanding
systems. Through the use of deep learning, particularly Convolutional Neural Networks, this work
demonstrates the potential for achieving high-precision, scalable, and adaptable document analysis
solutions, paving the way toward more intelligent and autonomous systems for digital document
processing.
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