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Abstract

The framework of landscape heritage conservation is extremely complex due to
the historical stratification, territorial extension, and heterogeneity of such context.
In fact, it is not possible to study and preserve landscapes without a thorough
knowledge of the geographic relationships that landscapes, as cultural and
environmental heritage, establish with the territory they occupy and the people who
inhabit them.

Considering this complex context, remote sensing methodologies are nowadays
increasingly crucial for acquiring accurate spatial data for heritage documentation
processes. In fact, the technological development of surveying sensors and operating
platforms over the last decades has been directed toward the enhancement of
consistency, richness, expeditiousness, and resolution of the acquired dataset.
However, although the Cultural Heritage (CH) domain could benefit from recent
advancements, issues arise while managing such extensive and high-resolution
datasets. Specifically, automating the semantic structuring of raw spatial data is a
well-known challenge when dealing with extended data, where machine learning
(ML) techniques provide several methodologies that are studied to overcome
manual labeling activities. In this regard, the Geographic Information Science
(GIS) environment adequately supports multi-dimensional and interdisciplinary
2D/3D data interpretation and analysis. Yet, these methodologies are not fully
addressed and consolidated, especially considering the landscape and built heritage
contexts. Thus, finding an automated, efficient approach for analyzing, mapping,

and preserving landscape heritage becomes crucial.
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Given the aforementioned issues and challenges, the present doctoral thesis
focuses on the integration of airborne Light Detection and Ranging (LiDAR) data
with ML methods for the semantic classification of both landscape and built
heritage. Namely, this work proposes a systematic approach of identification and
mapping at the base of conservation processes by using high and low-scale airborne
LiDAR data and tailored ML models toward CH sites analysis, with particular
interest in terrains difficult to access or presenting complicated geographical
conditions. The research is based on the application of a methodological framework
in two different case studies in Italy: Spina Verde Park in Como and the defensive
landscapes of Sardinia. Each of these case studies is characterized by challenges
ranging from highly vegetated areas, hiding archaeological structures in the Como
Park, to extended and poorly documented defensive systems across both coastal and
rural surface areas in Sardinia. The scheme of this research in Spina Verde Park
involves high-density airborne LiDAR data for detecting and mapping
anthropogenic features, such as trails related to ancient settlements. In this regard,
the leverage of a high-resolution dataset has been useful to test specific deep
learning (DL) pipelines that have been studied more by exploiting similar-scale
datasets. The Sardinian case study concerns historical defensive landscapes
characterized by several fortification systems, such as Spanish coastal towers and
bunkers from the Mediterranean Wall, which demand advanced data structuring
pipelines considering the widespread distribution of artifacts and chrono-
typological heterogeneity. Moreover, the second case study addresses the specific
challenges of automating the semantic classification of low-resolution airborne
point clouds.

In this regard, key methodologies include supervised ML and DL, supported

by unsupervised techniques, such as point cloud semantic segmentation and object



class identification methods. These approaches develop a semi-automated,
repeatable process for data structuring and generating Digital Terrain Models
(DTMs). This thesis demonstrates how the application of neural network models
to airborne LiDAR data can accomplish highly accurate landscape classification
with a high level of automation. Nevertheless, the results presented in the thesis
also highlighted the efficiency of such ML workflows by reducing the time required
for data processing while ensuring standards in data accuracy towards heritage
conservation.

Specifically, during this research experience, different automated methods have
been proposed for the semantic classification of raw 3D data and the mapping of
anthropogenic features related to landscape microtopography characteristics. The
contribution also addresses accessibility gaps in geospatial analysis by exploring
software and coding solutions that enhance the usability of Al-powered tools for
heritage professionals, therefore developing flexible workflows for the application
of data structuring and analysis strategies for CH.

Finally, the originality impact of the thesis is linked to knowledge enhancement
in the field of landscape heritage conservation through the development of a
transferable and scalable methodology that exploits machine learning

methodologies for multi-sensor remote sensing applications.



Thank you.

To Oscar, Lorenza, and
Matteo

To my beloved Paradis
Island

To my friends and

colleagues

Tsee...
Thats it.
I've been here too long for my own good.
It's been three long years...
1 was just a kid... I didn't know anything.
Ifonly I had not remembered having loved ones...
L..Would have become... A coward who leaves things unfinished.
It’s too late now... I don't know what's right anymore.
But the only choice for me now...
...is to face the consequences of my actions...
...and as a warrior...
...fulfill my duty to the bitter end!”
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Introduction

Nowadays, the semantic classification of unstructured data is a crucial issue for
geomatic disciplines, specifically in remote sensing (RS) techniques for 3D metric
surveys. In fact, the sensors’ technological advancements in recent decades have
allowed the enrichment and expeditiousness of acquired spatial data, leading the
geomatics community to question the impact of data processing, especially where
the analysis, the semantic and relational structuring of spatial data is particularly
relevant. From this premise, the significance of the resulting challenges also varies
according to the specific application context. The landscape and built heritage
documentation and mapping framework have benefited from RS techniques despite
data analysis and semantic content enrichment being especially crucial issues in such
a complex and fragile context. Landscapes, which are defined by the harmonic
concurrence of anthropic activities and the natural environment (Petzet, 2008), are
a well-known example that demonstrates the sensitivity of the application context,
which will be further discussed in Section 1.2. Therefore, it is not possible to study,
analyze, and preserve landscapes without a thorough and continuous knowledge of
the geographic relationships that landscapes, as cultural and environmental
heritage, establish with the territories they occupy and the people who inhabit them.

For example, archaeology research studies highlighted the importance of spatial
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analyses of the interactions of widespread historical construction with the
environment in specific territories, leading to the archaeological landscape
definition (Knapp & Ashmore, 2000). In this context, built heritage spread systems
can also be considered a fundamental part of cultural landscapes. In fact, according
to ICOMOS Guidelines on Fortifications and Military Heritage, 2021), the global
diffuse historical fortifications are a well-known example of the integral relationship
between military and defensive structures with cultural landscapes those are placed
in.

In this framework, the global topic of the conservation of cultural landscapes is
directly connected with the strategies to document and analyze the environmental
and anthropic relationships that characterize cultural heritage (CH) (Stubbs, 2009).
Here, knowledge enrichment is thus a foundation for continuous heritage
conservation strategies (Della Torre, 2003), where the regular input of data requires
the research to focus on developing consolidated and accurate methodologies for
the automation of analysis, validation, and semantic classification of the collected
datasets.

The Ph.D. research is therefore focused on the development of semi-automatic
strategies and methods that guarantee human control in the semantic structuring of
spatial data in support of studies and analyses for the conservation of built and
landscape heritage. Starting from this brief introduction, in the following sections,
the thesis framework will be further developed by clarifying the literature gaps,
research questions, and objectives (Section 1.1) and describing the heritage

application contexts (Section 1.2).

1.1 Research framework

Since the strategies that can be implemented towards the conservation of
landscape and built heritage are considered a crucial topic (Jokilehto, 2018; Stubbs,

2009), the frameworks for CH documenting and digitizing, even though it has been
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extensively discussed, remain crucial and actual (Eppich et al., 2007; Moullou et al.,
2024). In fact, the topic of data acquisition, modeling, and interdisciplinary
cooperation remains relevant, particularly due to technological advancements,
which lead to both the accumulation and obsolescence of data. In this context, the
geomatic field integrates surveying technologies, data management, and processing
about the earth and environment (Gomarasca, 2009). Nevertheless, geomatic
science, which has long been applied to heritage preservation strategies, offers
significant contributions to the management of conservation processes. This is
possible through the constant acquisition, processing, and visualization of data,
which can then also be developed in three-dimensional modeling processes (Bitelli
et al., 2007). In this context, it is also important to underline that the research
development in heritage parametric information modeling (Logothetis et al., 2015)
forwards interesting perspectives in the field of documentation and 3D data
management. In fact, the most actual themes in geomatics applied to CH focus on
improving technologies and methodologies for mapping and structuring the
acquired data. Specifically, the 3D metric survey methods provided by Remote
Sensing (RS) and the spatial analyses and effective data management capabilities
offered by Geographic Information Sciences (GIS) are well-established and reliable
tools for supporting heritage preservation efforts (Forte & Campana, 2016; Luo et
al., 2019).

In particular, in this research framework, the semantic structuring of acquired
data is a crucial topic in order to address the demands set by planned conservation
strategies (Della Torre, 2022; Nishanbaev et al., 2019). In this sense, it is crucial to
underline that the continuous update of information is obtainable through the data

harmonization of acquisitions from various sensors and at different scales

(Adamopoulos & Rinaudo, 2019; Kioussi et al., 2013).
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1.1.1 Methodological framework

Starting from this introduction, the geomatic methodological framework of this
research emphasizes airborne RS technologies for defining microtopographic
characteristics of heritage objects and ground features on highly accurate elevation
data across relatively large areas. These data can be produced using both Light
Detection and Ranging (LiDAR) and digital photogrammetric methods, exploiting
various platforms such as airplanes, helicopters, and drones. Furthermore,
consequent products, such as Digital Height Models (DHMs), are considered
extremely valuable for the 3D reconstruction of territory and, thus, landscapes. The
DHM terminology in the present dissertation is used to indicate generally a digital
elevation model, with a Digital Terrain Model (DTM) and Digital Surface Model
(DSM) as particular cases that respectively filter or not surface features (e.g., trees,
buildings) (Granshaw, 2020).

In this sense, the study of microtopography is also complex, as it considers
terrain parameters such as slope, aspect, flow path, ruggedness index, wetness index,
and curvature that characterize the surface. Yet, the state-of-the-art topography
studies converge on evaluating elevation models of the ground surface for
environmental monitoring applications that range between 1 cm and 1 m, as well
demonstrated by (Shukla et al., 2023). Therefore, DHMs are considered in the
literature as the characteristic 3D reconstruction of the earth's surface, derived from
aerial acquisition by sensors equipping vehicles (planes, helicopters, drones, etc.)
and can be derived from LiDAR and photogrammetric methods. Their use is
traditionally related to the most varied application sectors, reducing time acquisition
and ensuring high and accurate productivity, especially for urban 3D modeling or
terrain morphology analysis (Remondino, 2011; Sammartano et al., 2021) and
heritage landforms mapping (Spano et al, 2018). Starting from these
considerations, this doctoral research evaluates the use of both active (LiDAR) and

passive (digital photogrammetry) RS technologies for the basic definition of
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microtopographic characteristics, starting from highly accurate elevation data over
extended heritage contexts.

Various studies can be cited among the environmental sectors most influenced
by adopting automatic remote sensing techniques. In this framework, multispectral
and hyperspectral imagery also represents a significant contribution to earth and
hazard monitoring (Bendea et al., 2008; Boccardo & Giulio Tonolo, 2012a). Since
the start of the millennium, the interest in this topic has been underlined by a
continuous flow of research examining its applications and underlying principles.
In fact, several works relate to hydrographic networks and morphological variations
of watercourses concerning floods (Turitto et al., 2010), forest management
applications for forestry censuses, canopy height, and biomass estimation
(Hemingway & Opalach, 2024; Kerr & Ostrovsky, 2003), coastal protection
(Mancini et al., 2013), glacier monitoring (Corte et al., 2023), and recognition and
monitoring of avalanches and landslides (Petschko et al., 2016; Scaioni et al., 2014).

Moreover, even CH domain disciplines related to archaeological and landscape
studies have benefited from RS technology applications, specifically for airborne
DHM data classification (Forte & Campana, 2016). In this sense, in recent
decades, LiDAR airborne, also identified as Airborne Laser Scanner (ALS), data
processing and applications have been widely studied (Z. Chen et al., 2017).
Moreover, it is important to underline the potential of RS and Machine Learning
(ML) techniques in CH site prospection (Argyrou & Agapiou, 2022). However, it
should be mentioned that the interest in artificial intelligence for remote sensing
processing has been long applied to different application domains, such as
cartography automation (Hsu, 1979) and multispectral image processing (Estes et
al., 1986). Yet, the literature also reported the shared interest in recent decades in
the importance of considering multiple data sources for identifying historical
artifact features (Chane et al., 2013; Freeland et al., 2016; Guyot et al., 2018;
Niculitd, 2020). In this framework, the cited works inquiries about the use of DHM

in order to acquire and analyze data concerning extended heritage sites. While
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several research studies adopted the processing of converted raster from 2.5D to
2D, the most recent trend is moving towards directly analyzing the original data
from 3D point clouds acquired through LiDAR sensors equipped on aerial vectors.
In particular, in the framework of heritage application, the aim is to investigate new
methodologies that are largely adaptable for the detection of archaeological features
by employing ML techniques. In fact, 3D point cloud data structuring through
semantic segmentation techniques is increasingly studied nowadays (Argyrou &
Agapiou, 2022; Grilli et al., 2017) in order to reduce human involvement in the
data processing stage. Deep Learning (DL) techniques, where artificial Neural
Networks (NNs) are trained on labeled datasets (Varney et al., 2020; Ye et al,,
2020), have shown great promise in accurately classifying and segmenting point
clouds or mesh (Hu et al., 2021; Sarker et al., 2024; Zeng et al., 2024; X. Zhang et
al., 2022). While DL semantic segmentation methodologies have been extensively
studied, also for the CH domain, specific NN detector methodologies for point
clouds mostly pertain to autonomous driving and robotics application fields (X.
Chen et al., 2016; Mattausch et al., 2014).

However, despite ongoing research, these methodologies are not yet fully
established, particularly in the heritage study domain, where the focus is more on
building-scale applications rather than landscape-scale contexts. Moreover, the last
decade's studies have been directed toward the employment of high-scale point
cloud and mesh data acquired from UAS LiDAR platforms (Kélle et al., 2021).

In this framework, this doctoral research investigates the application of the
presented methodologies on two different case studies, aiming to integrate RS and
ML techniques for data analysis and structuring in landscape heritage contexts. The
following section further explains and discusses the specific aims and expected

outcomes of the thesis.
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1.1.2 Research questions and aims

Given the analysis of the current state of the art of geomatics techniques related
to the CH framework, it is important to present the principal research questions

and the answering aims that this research thesis proposes to address.

e Since the preservation of built and landscape CH strictly depends on
efficient and continuative documentation actions (Eppich et al., 2007,
Moullou et al., 2024), also the cataloging of such documentation is
consistent with conservation objectives, as stated in the (ICOMOS
Ethical Principles, 2020). In this framework, remotely sensed dataset
collection should also be addressed toward a standardized and accessible
semantic data structuring. Is it thus possible to enhance the automation

of these processes leveraging GeoAl methodologies?

e In the framework of RS and ML integration, the technological
advancement of remote sensing techniques has allowed the possibility
of acquiring dense and consistent 3D datasets from manned and
unmanned airborne platforms (Bundzel et al., 2020; Kolle et al., 2021).
In this sense, very high-resolution datasets nowadays represent the state
of the art for applying point cloud semantic segmentation
methodologies. Moreover, ML techniques have not been fully explored
and consolidated for CH domain applications. Is it thus possible to
provide efficient and automatic data structuring pipelines for existing
regional low-scale datasets even though they have not been acquired for

heritage documentation and detection purposes?

e In the framework of CH mapping, it is worth underlining that using
airborne laser scanning (ALS) technique to investigate archeological

landscapes in highly forested areas is considered particularly valuable
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(Albrecht et al., 2020). Still, the automation of LiDAR data semantic
segmentation is also a key point for the generation of accurate DHMs.
Moreover, it is important to specify that historical ground artifacts such
as trails, standing stones, walls, roads, canals, earthworks, and similar
teatures are represented and observable from the interpolated DTM. Is
it then possible to automate the detection of non-mapped

anthropogenic shapes?

e ICOFORT guidelines stated that there is a higher lack of knowledge
concerning historical defensive and military systems and artifacts, and
there is a necessity for conservative plans that should be supported by
adequate documentation ICOMOS Guidelines on Fortifications and
Military Heritage, 2021). Furthermore, the spread of coastal defense
systems and the numerosity of artifacts are challenging issues in the
accomplishment of well-conducted documentation. In this sense, the
detection of non-mapped widespread heritage from existent datasets
could represent a valuable perspective for the preservation of defensive
systems. Is it thus possible to apply LiDAR deep learning object

detection methodologies for the mapping of such artifacts and systems?

e Finally, the accessibility to technical coding environments and specific
machine learning methodologies and scripts could represent a gap for
Heritage conservation experts. In this framework, graphical interface
software and coding environments (e.g., ArcGIS Pro, Anaconda) could
represent a solution to overcome a lack of technical, but not theoretical,
knowledge. However, exploiting such a platform could also generate
issues related to low levels of control and algorithm personalization and,

thus, performances.
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To answer these questions, the present doctoral research studied integrated
automatic methodologies to evaluate, process, manage, and structure remotely
sensed 3D and 2D geospatial data in extended and significant landscape and
archaeological contexts. In fact, considering the fragility of the application context
and the increasing amount of required data, the aim is to study machine learning
and deep learning techniques for automating the classification of remote sensing
data. In addition, current ML methodologies are often applied separately, while the
present doctoral research aims toward a holistic integration of the various
approaches. Still, another goal was to analyze this approach from a multi-scale
perspective. On the one hand, the studied cultural landscapes are linked to
territorial spatial analyses and thus coherent with mid and low-scale data. On the
other hand, the objects and features that define landscapes often require to be
observed through the collection and management of higher resolution datasets. To
address this, the methodologies examined—semantic classification, semantic

segmentation, and detection—are combined to develop an original method.
1.1.3 Original contribution of the thesis

In order to develop an original methodologic approach, two different case
studies have been selected, in order to test the replicability of the method and
guarantee the aimed multi-scale approach. Specifically, multi-sensor and multi-
scale acquisition techniques are crucial for archaeological and defensive landscape
mapping and analysis to provide information on the artifact at the architectural scale
and investigate the object starting from the system that embeds it at the landscape

and territorial scale (Figure 1).



Chapter 1 — Introduction

@) (c)

Figure 1. Studied areas and Heritage contexts from Case Studies 1 and 2. Spina Verde Park in Como
(Italy), where inside the hilly protected area (a) embeds several archaeological sites, such as the
protohistoric Pianvalle settlement ruins (b). Sardinian defensive and military Heritage artifacts: Capo Boi
tower, Sinnai — Cagliari (Sardinia), Italy (c). Position no. 5 of Stronghold V, Porto Ferro — Alghero
(Sardinia), Italy (d) — credits LabG4CH (a) author (d), University La Sapienza (b), Sardinia region (c).

The case studies of Spina Verde Park in Como (Figure la-b) and Sardinia
Defensive Landscapes (Figure 1c-d) will be presented and further discussed in
Section 1.2.1, focusing on the heritage framework topics, starting from the analysis
of the territorial extension, anthropic settlement morphology, and consistency of
present artifacts and sites.

In this dissertation, the aim is to develop an automatic and transferrable macro-
class semantic segmentation model for airborne LiDAR point clouds in order to
adequately and rapidly structure the primary 3D data yet also to generate accurate
DSMs and DTMs. In fact, since remote sensing and machine learning integrations
have been widely studied on high-resolution datasets (Kolle et al., 2021; Varney et
al., 2020), a first case study has been selected and exploited to test and evaluate
unsupervised and supervised DL point cloud methodologies leveraging high-scale
point clouds through a tailored airborne LiDAR survey acquired from helicopter
(Section 3.1.1). In addition, it is also important to underline that the literature lacks

research studies that develop methodological pipelines leveraging existing low-scale
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ALS point clouds. In this sense, bridging the gap in the lack of automated
methodologies applied to existent ALS datasets could also be considered a
significant advancement for CH domain data structuring. In fact, one of the aims
is also to investigate GeoAl semantic structuring pipelines leveraging existing open-
source. ALS datasets that have not been acquired for this specific purpose.
Specifically, public administration available point cloud datasets are usually
acquired for cartographic production and territorial and hazard monitoring through
digital orthoimages and elevation model generation (Brovelli et al., 2009).
Subsequently, the second case study has been exploited to test the supervised
semantic segmentation methodologies, leveraging an existent low-scale regional
dataset (Section 3.1.2). At the same time, the second case study is also useful for
testing the implementation of unsupervised segmentation techniques by integrating
multispectral satellite open access and the 3D existing low-scale data.

Starting from the segmented point clouds, the research also aimed to study a
workflow aiming also the integration with traditional ML methodologies for the
detection of non-mapped anthropogenic earthworks by automatically classifying
DTM visualizations and geomorphological raster analyses. In this sense, the
originality of the contribution consists in the process of adopting and evaluating
machine learning and deep learning techniques, both individually and as part of the
overall proposed workflow.

Furthermore, in the second case study, the doctoral research also aimed at
preliminary investigations regarding the application of object-detection techniques
for specific defensive and military heritage artifacts mapping (Figure 1 c-d).

Finally, it should be underlined that aiming at automation for data structuring
and artifact mapping represents a valuable support tool for Heritage conservation
professionals and academics. In this sense, the research also aims to improve
Heritage domain users accessibility to data and classification models by exploiting
Graphical User Interface (GUI) software and coding solutions, such as ESRI
ArcGIS Pro and Anaconda.

11
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1.2 Heritage framework

In order to deepen the knowledge of the heritage application framework
towards the specific methodologic approaches that will be adopted in this research,
it is crucial to question the main reasons for the preservation of CH and the
answering strategies to address heritage conservation challenges.

Since the necessity is to address technical methodological challenges related to
landscape analysis and preservation, it is useful to briefly introduce the study of
heritage conservation within European society, starting in the 20" century. During
the previous century, a fundamental idea for the evaluation of cultural heritage
emerged: the value of history, preferred over aesthetic value. A historical object,
building, or site becomes a monument not because of its aesthetic qualities but
because it is recognized as a repository of historical memory, which is considered
essential for the identity of a nation (Riegl, 1903). Starting from the end of the
world conflict, the value of CH conservation and protection has been widely shared
at a more global level. In fact, contemporary society, through the protection actions
carried out by UNESCO, considers the preservation of CH fundamental.
Furthermore, it is specified that monuments, sites, and objects that represent an
exceptional interest for the community should be protected and preserved from
anthropogenic destruction and natural decay actions (Convention Concerning the
Protection of the World Cultural and Natural Heritage, 1972). After the
ratification of the Convention, everything concerning cultural heritage has had to
confront the epochal changes brought by growing globalization. However, even
assuming the importance of multiculturalism addressed by globalization, it should
be clear that the foundational character of each culture’s values cannot exist without
considering the centrality of each territory, constituted by space and collective
memory (Choay, 2012). In fact, in the second part of the 20" century, the
homogenizing of cultural identity and CH assets management caused by the

accelerating process of globalization led to a reduction of cultural diversity (Stubbs,
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2009). Despite the spread of Western culture and globalization, which has created
several threats, the perception and awareness of local, regional, and national identity
has recently led to increasing international efforts for CH preservation.

In this framework, the International Council of Monument and Sites
(ICOMOS) work for the protection of tangible and intangible heritage has
represented a turning point. In fact, as stated in previous paragraphs, as far as
tangible heritage is, to some extent, a repository of memories and values, it can also
be said that it is linked to intangible heritage. In this regard, cultural landscapes are
a perfect example of the integration of human work and nature, where tangible and
intangible heritage are “two sides of one coin” (Bouhenaki, 2003). It is, in fact,
appropriate to refer to Genius Loci (Petzet, 2008) to describe the complex and
continuous evolution of anthropic relational phenomena occurring in the territory.
The fresco from Ambrogio Lorenzetti (Figure 2) efficiently depicted the
stratification and the relationships that the territory has with human activity. In
fact, moving far from the ordered and rational urban and agricultural landscape,

there is a transition to an unordered and wild landscape (Romano & Trisciuoglio,

2008).

Figure 2. Picture of the fresco “Effetti del Buon Governo in Citta e in Campagna” (1338-1339)
painted by Ambrogio Lorenzetti in Palazzo Pubblico in Siena (T'uscany, Italy) — credits Google Arts.
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Therefore, the sequence of human activities and different cultures over time has
resulted in territories often exhibiting layers of natural and artificial objects, creating
heterogeneously complex and stratified landscapes. In this sense, the definition of
cultural landscape embodies the environmental and human characteristics of a
defined area. Natural environment features are considered to include the
combination of hydrology, geology and landforms, vegetation, and fauna, while
anthropic imprints are the records of the additional and continuous cultural process
occurring throughout time (Petzet, 2008). Consequently, these areas are subject to
continuous developments aimed at exploiting their beauty and addressing what
humans perceive as limitations (e.g., accessibility), which are sometimes the greatest
potential of a territory unaffected by anthropogenic degradation phenomena.
Therefore, this specific characteristic represents, at the same time, a risk of
anthropic degradation and an opportunity to avoid immobilism and aestheticization
(Settis, 2010). Moreover, it also should be clear that a long absence of
anthropogenic phenomena that define and characterize the landscapes significantly
contributes to generating marginal landscapes and territories (Tosco, 2014), which
are instead exposed to obliteration, as from the example of the alpine military road

in Figure 3.

g

Figure 3. 13% kilometer totem of the military road from Traversiera Valley in Cuneo (Piedmont,
Italy) — credits Pietro Tarozzo.
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The correlation between the natural environment and anthropic activities is
especially important, as environmental protection regulations are also present and
are related to heritage conservation and valorization necessities. In fact, the
regulation frameworks for heritage and the natural environment are characterized
by an extended stratification. Concerning the specific Italian context, it has been
established that the protection of landscape and national historical and artistic
heritage is indispensable, primarily through Article 9 of the Republican
Constitution. The existence of this article within the fundamental principles of the
nation is unique globally, but it is also important because it assigns a central role to
landscape in cultural development and heritage protection. Although this provision
expresses a preliminary and incomplete definition of landscape as a mere object of
legal protection, the incorporation, even at that time, with cultural heritage is
considered interesting. Only with the arrival of the European Landscape
Convention, which superimposes every other national law (Council of Europe
Landscape Convention, 2000) the factor of human perception is introduced as an

essential condition for the existence of landscape:

<<“Landscape” means an area, as perceived by people,
whose character is the result of the action and interaction of

natural and/or human factors>>
Art. 1 c. a, Florence, (Council of Europe Landscape Convention, 2000)

The Italian national regulation (Codice Dei Beni Culturali e Del Paesaggio,
2004) is then responsible for the regulation and the protection of built and
landscape cultural heritage assets. This decree was developed to replace the two
previous laws regarding cultural heritage: the Bottai 1939 law and the Galasso law
of 1985. Specifically, in addition to establishing regulations for landscape
protection, compared to the previous laws, the 2004 Cultural Heritage and

Landscape Code outlines the methodological and procedural guidelines for regional
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landscape plans, marking a significant innovation in the evolution of planning
models. However, not all regional administration bodies have accomplished the
drafting of landscape plans or delegating regulatory responsibilities to the urban
planning tools of individual municipalities, thus creating a complex situation
(Settis, 2010). Furthermore, the regulations for landscape protection are added to
the rules for natural environment protection, which introduces additional
complexity to the regulatory labyrinth. In this framework, Natura 2000 is one of
the most important initiatives of the European Union since its aim is to preserve
natural biodiversity. The network involves about 26,000 natural sites, land, and sea,
so far pointed as a goal for conserving or restoring the natural habitats and wild
species of community interest. The Habitats Directive-92/43/EEC and Birds
Directive-2009/147/EC are the respective legislature in control of the Natura 2000
network, which jointly establishes the basic measures essential to ensure protection
and management for natural systems, species of wildlife, and their habitats in a
sustainable manner.

In this extremely complicated context, the focus topics pertain to archaeological
and historical defensive landscapes, whose, as mentioned in the introduction, are
well-known examples of the strong connection between anthropic activities and the
natural environment. In fact, the importance of territorial relationships between
human activities and the environment is a relevant topic both for archaeological and
historical defensive landscapes. In this sense, archaeological knowledge and
management is widely recognized as a crucial issue for understanding the origins
and development of human society and identifying cultural and social roots. Still,
in order to better define the archaeological landscape context, it is worth
mentioning Article 1 of the (Charter for the Protection and Management of the
Archaeological Heritage, 1990) by the International Committee for the
Management of Archaeological Heritage (ICAHM). According to ICAHM,
archaeological heritage is that part of the material heritage that comprises all

significance of human existence and consists of places relating to all manifestations
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of human activity, abandoned structures, or linked movable artifacts. Given this
definition, and specifically the vast historical evolution of the Italian context, it is
crucial to underline that the stratification and territorial distribution of
archaeological heritage are its principal characteristics, forming complex
archaeological landscapes. This, therefore, requires careful consideration of
methods and methodologies for the conservation of such an extended heritage
context. The same considerations can also be issued to landscape contexts related
to defensive and fortified historical heritage. In fact, military heritage is strictly
linked to the history of human settlements and territories, since from prehistory to
modern times, military structures have been a major concern for human
communities to defend themselves (Marotta, 2018). In modern times, forts and
defensive structures have become integrated into territories and settlements,
generating thus cultural landscapes that are often referred to as "defensive
landscapes” or, alternatively, "military landscapes" (Fiorino, 2017). Starting from
this definition, the Italian military and defensive architectural landscape is
characterized by a widespread, extended, and heterogeneous collection of sites that
are irregularly distributed, featuring buildings and areas of significant architectural
and landscape value (Fiorino et al., 2017a). Moreover, as mentioned in the previous
section, (ICOMOS Guidelines on Fortifications and Military Heritage, 2021)
stated that it is possible to assume that there is a higher lack of knowledge
concerning defensive heritage rather than other types of heritage due to the painful
projection of memories that are associated with these monuments. Moreover, since
the first aim of the defensive structure was to grant inviolability, military heritage is
often completely inaccessible or difficultly accessible nowadays (ICOMOS, 2021).
Given this, there is an urgent necessity for shared and consolidated conservation
plans that should be supported by adequate and rapid documentation.

In this complicated framework, geomatics techniques for CH mapping and
analysis lead to efficient and shared documentation practices among researchers and

professionals (Eppich et al., 2007). The consolidation and protection of landscape
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heritage for the future, thus, increasingly depend on the strategies in place for
mapping, managing, and analyzing data to foresee potential economic development
opportunities, which consequently leads to efficient and continuative conservation
(Holtorf & Hogberg, 2020).

Furthermore, it is necessary to consider the methods of investigation
introduced by the various disciplinary sectors involved in the conservation processes,
as well as the methods of cataloging the available information (Della Torre, 2003).
In the specific case of defensive heritage, the lack of updated and standardized data
from administrations makes it necessary to study and establish a unified method for
data structuring and management. Still, in this context, the main aim is to provide
a critical analysis of these artifacts, understanding the functions, their
morphological conformation, and their location and relationships within the
territory.

Despite this extremely difficult context, the complexity and dynamism of the
territory and the desire to study and preserve landscapes are the factors that
motivated the choice of the topic. In this sense, it should be underlined that the
dissertation investigated the presented automated data structuring methodologies
for the study of such widespread cultural landscapes that pertain to heterogeneous
contexts, such as forested areas or adjacent to urbanized areas. The following section
thus deepens the description of the selected case studies that pertain to

archaeological and defensive cultural landscape contexts.
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1.2.1 Case studies and domain knowledge-based datasets

Since the heritage and research framework and aims have been presented, this
section describes the chosen case studies and the extensive analysis of the landscape
heritage contexts and artifacts through the exploration of GIS mapping solutions
and representation techniques. As mentioned in the previous paragraphs, since the
thesis aims to structure and analyze remote sensing data for extended landscape
contexts, two case studies have been selected to conduct the investigation from a
multi-scale perspective. Moreover, it is worth underlining that the application of
the presented techniques in two different case studies is also useful in analyzing the
robustness, replication, and suitability of the methodologies for heterogeneous
Heritage contexts. In fact, the two case studies are characterized by a different scale
and extensions, as well as by the different consistency and typology of the artifacts
that define the analyzed landscapes.

As shown in Figure 4, Case Study 1 is in north Italy (Lombardy region),
specifically in Como municipality. Case Study 2 is instead characterized by two
different areas, both located on Sardinia Island.

The following sub-sections will further develop and discuss the two case

studies.
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Figure 4. Map of the Case studies. The first case study pertains to the landscape and archaeological
site of the Parco Spina Verde, Como-Lombardy. The second case study relates to Sardinian military and
defensive landscapes and consists of two separate research areas: Cagliari (Area 1) and Alghero (Area 2).
Datum WGS 1984 (EPSG: 4326) — credits ESRI, ISTAT (data), author (elaboration).
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Case Study 1: Spina Verde Park in Como, Italy

The first case study of this research, as shown in Figure 4, is related to the area
of Spina Verde Park in Como (Lombardy, Italy).

The Spina Verde Park lies in a hilly, high-forested area in the southern part of
Como Municipality, surrounded by the city’s urban edges (Figure 5). Throughout
the park’s territory, numerous sites and archaeological traces belong to a series of
widespread proto-historic urban settlements active during the first millennium BC
(De Marinis et al., 2001). Specifically, a proto-urban settlement is considered to be
the process of formation of a proto-urban society that takes place at different times.
These processes that occurred from the Bronze Age to the Iron Age developed
urban forms according to the various European areas but with similar synoecism,
cultural aspects, and central places (De Marinis, 1986). The archaeological sites in
the Como area pertain to one of the major settlements of the Golasecca culture,
which occurred from the final Bronze Age to the early Iron Age when its maximum

expansion covered almost 2 km?. Several archaeological evidences are present in the

area (Catacchio et al., 2019; Merlo & Frigerio, 1986):

e Quarries — sandstone and marl extraction sites used for building
materials until the Roman Age.

e Rock engravings — rock art is present in many sites, manifesting as
isolated engravings and articulated decorative motifs (Figure 5a-b).

e Metal working areas —these areas present evidence, such as furnaces and
casting molds (Figure 5c-d).

e Rock “Cameras” — the so-called “Camera” is a building technique
characterized by a rock dug structure, complex or sub-rectangular in
plan, varying in size, from 11x10x3 m to 3x2x1 m (Figure Se-f).

e Huts — these types of constructions are characterized by a dry-stone
basement with wooden walls, either square or rectangular in plan,

varying in size from 11x8 m to 8x7 m.
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e “Recinto” - the so-called "Recinto” is a building technique
characterized by a partial dug in the ground, covered with a stone
basement, obtaining thus a lower semi-basement compartment and an

elevated upper compartment (Figure 5g-h).

(b)

(&) (h)

Figure 5. Examples of archaeological evidences from Spina Verde Park. Rock engravings depicting
(2) human figure and (b) sun symbol. Metal working areas: (c) remaining furnace structures in Pianvalle
settlement and (d) operating furnace schema (Catacchio et al., 2019). Construction typologies: (e) rock
chamber “Camera Grande” site and (f) rock chamber construction hypothesis (Merlo & Frigerio, 1986);
residential enclosure (“recinto”) structure in Pianvalle settlement and (h) construction hypothesis (Merlo
& Frigerio, 1986) — credits Universita La Sapienza, LabG4CH.
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Moreover, some of the hiking connections within the Park, which are essential
for reaching archaeological sites and for the usability of the Park itself, are an active

testament to the protohistoric ways that served as connections and
communication routes between the various settlements. It is possible to observe the
so-called “via glareata”, covered in pebbles of different sizes, and the wagon tracks
that are characterized by rock incisions generated by the continuous passing of
wagons (Alivernini & Roncoroni, 2016). However, these trails are not always
mapped in the regional geographic dataset, and the proposed methodology wants

to move toward mapping these morphological elements.

(a)

Figure 6. Example of protohistorical routes: (a) cartwist track and (b) “via glareata” — credits

Universita La Sapienza.

Furthermore, the evolution of the urban settlement has also been accompanied
by a stratification of defensive military structures, with evidence and initial
confirmations dating back to the third century, significant activity during the
Byzantine period (6®-7% centuries AD), and continuing through World War 11
(Societa Archeologica Comense, 2013). In this framework, as mentioned in the
previous section, spatial analysis and mapping are crucial issues for archaeological

and defensive landscape heritage preservation (Figure 7). In this sense, landscape
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morphologies are usually considered as linked characteristics to the physical
condition of a territory portion, as well as the processing and relationship those
create (Robinson, 1977). Specifically, these correspond to the landscape's material
formation, including its shaping evolution, which is connected to the social and

cultural structures with which it is associated.
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Figure 7. Map of the case study 1. The Spina Verde Park in Como (Lombardy). Datum RDN2008,
projection UTM zone 32 N (EPSG: 7791) — credits LabG4CH, University La Sapienza (data), author

(elaboration).
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In this context, since the necessity was to enhance the knowledge of these sites,
a project of archaeological research was integrated with a new survey funded by the
regional Park of Spina Verde. The research takes origin from an agreement for
multi-disciplinary investigation activities of the proto-urban site, coordinated by
the local Superintendency of Archaeology, Fine Arts and Landscape, La Sapienza
University of Rome, the Polytechnic University of Turin, and by the Turin unit of
the Research Institute for Hydrogeological Protection of the National Research
Council (CNR-IRPI) (Spano, 2022).

In order to document the disseminated archaeological sites, and the complex
territorial morphology, a low-altitude airborne LiDAR survey has been planned (75
pts/m?). This has allowed for the rapid acquisition of homogeneous and widespread
data that covered the full extension of the research area (Section 3.1.1 extensively
describes the ALS primary dataset).

Furthermore, several ground-based 3D metric surveys were also planned to
analyze and monitor individual archaeological areas, to be carried out in a
widespread survey campaign.

Selected surveyed heritage sites

The terrestrial high-scale metric survey focused mainly on two areas: the
Pianvalle proto-historical settlement and the Baradello castle (Figure 8, Figure 9),
integrating UAS photogrammetry and LiDAR, terrestrial laser scanner (TLS), and
mobile mapping systems (MMS) (Cappellazzo et al., 2023). Among the surveyed
sites of the Park, these two areas have been selected because of methodological
necessities. In fact, the surveys of Pianvalle and Baradello are characterized by
several datasets acquired with different sensors, so to analyze and compare the
resulting data.

The Pianvalle site (Figure 9a) is characterized by the presence of many
typologies of archaeological evidence such as a huge rock engraving and several
residential building typologies. The area was inhabited from the 6™ to 4™ centuries

BC and abandoned until the end of the second century BC, becoming a sacred
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burial place. Subsequently, the area was abandoned at the end of the first century

BC, following the foundation of the Roman city of Como.

setdlement
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Figure 8. Integrated 3D metric survey areas from the Spina Verde Park: Baradello Castle tower and
Pianvalle protohistorical settlement. Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) -
credits LabG4CH, CNR IRPI (Cappellazzo et al., 2023) (data), author (elaboration).
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Figure 9. (a) Pianvalle protohistorical settlement and (b) Baradello Castle site — credits LabG4CH.

Still, Baradello castle (Figure 9b), situated on a hill overlooking Como, initially
fortified in the late third century AD to defend against Germanic tribes, quickly

became a key stronghold. During the 6™ century, the Byzantines reconstructed the
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fortifications during the Gothic War, marking the first major construction phase of
the castle, then known as Castrum Baractelia. In the XIV®™ century, Azzone
Visconti elevated a new quadrangular tower and strengthened the walls, further
fortifying its defenses. However, in the XV century, the Spanish governor of
Como ordered its demolition, leaving only the tower standing as a testament to its
storied past (Societa Archeologica Comense, 2013).

The 3D metric integrated survey provided extended documentation of sites and
ensured a multi-scale approach which is essential for a combined evaluation and
comparison (Nex & Rinaudo, 2011, X) between the aerial LiDAR and
photogrammetric/LiDAR UAS-terrestrial data.

Case Study 2: Sardinia Defensive Landscapes

As briefly discussed, the heritage framework section discussed the importance
of enhancing the knowledge of historical defensive and military landscapes through
its recognition, mapping, and documentation. In this context, the island of Sardinia
represents a significant example of territorial defense development over time. Still,
it should be underlined that Sardinia defensive systems have been widely studied,
and the present doctoral dissertation is based on a knowledge-based approach that
is developed starting from specific domain datasets and census that has been
produced by other research groups or by the author.

Specifically, the datasets from other research groups are specifically acquired

from different research projects listed below:

e Census of coastal military architecture conducted as part of the research
project entitled "Military architecture in small islands", scientific
directors Anna Maria Colavitti and Donatella Rita Fiorino, within the
European project entitled "ISOS - Sustainable Islands: Réseau d'iles

pour le développement durable et la préservation des patrimoines"
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(http://interreg-maritime.eu/it/web/isos/progetto), funded by the call
of the Cross-border Cooperation Programme Italy-France Maritime
2014 - 2020.

e Census of the Coastal Towers of Sardinia, scientific director Caterina
Giannattasio, as part of the University of Cagliari research project
entitled “Traditional masonry techniques: knowledge for conservation
and performance improvement”.

e Census of the military architectures of the Cagliari area, scientific
director Donatella Rita Fiorino, carried out as part of the Collaboration
Agreement signed on 18 September 2018 between the University of
Cagliari and the Ministry of Defense — General Secretariat of Defense
on research and training issues, in the field of engineering and
architecture.

e Census of the military architectures of the Alghero Area. The census

pertains to the master’s degree thesis of the author (Cappellazzo, 2019).

These research experiments and works have then resulted in multidisciplinary
publications (Deidda et al., 2015; Fiorino, et al., 2017b) and summary volumes
(Fiorino, 2017, 2021; Giannattasio et al., 2020) that describe the military and
defensive heritage context in Sardinia and the methodological practices for military
heritage analysis and cataloging. Still, the generation of a geospatial database has
been investigated in (Vacca et al., 2018) in order to catalog the Sardinian
architectural military heritage. The architectural elements of Sardinia's historical
defensive landscape are highly diverse, both in chronological and typological terms,
as well as in their construction methods. These studies use interdisciplinary
methodologies for chronological and typological analysis, providing a valuable tool
for the conservation of this heritage.

From the 12" century to the 20" century, Sardinia's military architectural

production has been directed towards constructing and improving the defensive
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structure, especially along the coastal strip (Giannattasio et al., 2020). The heritage
investigated consists of several elements, dating from the 12* to the 20™ century.

These could be classified among various typologies of defensive structures.

e Fortified villages — enclosed settlements often protected by walls and
designed to defend the inhabitants from external threats.
e Defensive walls — perimeter walls built to protect cities, towns, or
strategic sites.
e Forts and fortifications
* fortified houses — residential buildings fortified for defense.
* keeps — central, strong defensive towers in a castle, often serving
as a final refuge.
+ castles — large, fortified sites of lords or rulers, combining
defense, residence, and administration.
 donjons — large defensive towers, often serving as an additional
stronghold within a castle.
* forts and strongholds — strong defensive structures designed for
military use, typically larger and more strategic.
* bastions — external projection parts of a fortification designed to
offer defensive positions for artillery.
* towers — standalone structures built for defense or observation,
often part of larger fortifications.
* ramparts — defensive earthworks or walls surrounding a fortified
site.
* redoubts — small, enclosed defensive positions within larger
fortifications.
e 20™-century military installations
* barracks — military buildings used to house soldiers and

equipment.
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batteries — anti-aircraft/navy artillery installations used for
coastal or strategic defense.

bunkers — underground or partially buried structures used for
protection from attacks.

pillboxes — small, fortified defensive bunkers, typically concrete
built for infantry or machine-gun placements.

strongpoints — heavily defended positions established to hold
strategic areas.

anti-aircraft lines — defensive alignments designed to protect
against aerial attacks.

air-raid shelters: structures built to protect civilians and soldiers

during aerial bombings.

e Signaling or lookout posts

coastal towers — defensive towers built along the coast to
monitor eventual maritime threats.

lighthouses — tall structures emitting light to aid navigation and
sometimes used for signaling.

semaphore stations — communication posts using visual signals

to transmit information across mid-long distances.

e Prisons — former military prisons

Regarding the main historical periods, it is possible to underline five significant

construction phases concerning the defensive and military structures of Sardinia.

The first one is characterized by diffused architectural production between the 12

and 15" centuries AD. In that, one finds fortified villages, defense walls, and

fortresses constructed along territorial borders and major lines of communication.

Many of these were promptly abandoned, others adapted to new military needs,

and still others were newly built. Starting from the 16™ century, new elements

enriched the complex medieval defensive system such as fortified walls and coastal
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towers erected to protect from Saracen invasions (Murru, 2015). During the 18
century, with the Kingdom of Sardinia-Piedmont, building new royal strongholds,
forts, and bastions was carried out with reinforcement along the coast. During the
19 century, building work focused on the construction of military barracks with
the aim of maintaining and restoring public order in the newly founded Kingdom
of Italy. The last step of construction is represented by the extensive military
production during the Second World War: batteries, bunkers, strongholds,
pillboxes, air-raid shelters, and watchtowers (Mameli & Sanjust, 2015).

Despite the severe risk of obliteration of these artifacts, there is the necessity of
documentation and conservation plans, as well as consolidated methodologies for
recognizing and mapping the multiple historical defensive systems (Fiorino et al.,
2017a). It is thus important to underline the plurality of architectural systems that
have been built and developed over the centuries.

In this framework, in this doctoral dissertation a particular focus has been given

to two different systems:

* The Sardinian Coastal Defense System (13"-18" centuries AD).
* The Mediterranean Wall of World War II (1939-1943).

Concerning the coastal tower system, starting from the 13™ century and
especially from the 16®, mainly developed by the Spanish Crown, it has been
particularly committed to the construction of coastal towers and bastions to be
protected against Saracen and pirates raids. Active until their dissolution in the 19
century, the Spanish administration maintained an integrated defense network of
fixed towers and mobile units. Moreover, the century-old fortification process
appears properly documented thanks to the Crown Tower Administration
institution establishment in 1583 (effective in 1587) (Murru, 2015).

Furthermore, concerning the WWII coastal containment arch, particular

attention has been given to the construction of concrete pillbox bunkers and
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strongholds as part of a system designed for Sardinia's most vulnerable coastal urban
centers. These architectures are referred to as “difficult heritage” since they have
been neglected for a long time due to their association with war traumatic events
(Cherchi et al., 2023). Moreover, it is worth mentioning that, after losing their
defensive function, some of these were completely obliterated, while the remaining
“modern ruins” are awaiting appropriate documentation, preservation, and reuse
processes.

As shown in Figure 10, the Sardinian case study is divided into two different
areas: one in the southern major urban center of the island (Cagliari) and the other
in one of the most important tourist locations of the northern part of the island
(Alghero). The two case studies primarily differ in the chrono-typological
heterogeneity of defensive heritage artifacts and the scale of datasets that have been
exploited. In both case studies, the primary data ALS dataset pertains to a regional
dataset derived from two 2008 airborne LiIDAR surveys. The acquisition campaigns
were planned and executed with different characteristics and sensors, resulting in
point clouds with different superficial densities (Section 3.1.2 extensively describes

the ALS primary dataset).
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Figure 10. Map of areas pertaining to the Case Study 2. Sardinian Defensive Landscapes. Datum
WGS 1984, projection UTM zone 32 N (EPSG: 32632) — credits ESRI, ISTAT (data), author

(elaboration).

Area 1 (Figure 11) is related to the urban area of Cagliari Municipality in the

southern part of the region. The density of regional data is 2 points per square
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meter, and a balanced chrono-typological heterogeneity characterizes the present
historical defensive artifacts. There are thus different object typologies

distinguishable from towers, bastions, fortresses, bunkers, and batteries.
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Figure 11. Map of Area 1 (Cagliari, Sardinia) pertaining to the Case Study 2. Sardinian Defensive
Landscapes. Datum WGS 1984, projection UTM zone 32 N (EPSG: 32632) — credits Sardinia region,
University of Cagliari (Fiorino, 2021) (data), author (elaboration).
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The map in Figure 12, represents Area 2 in the Alghero municipality. In this
case, the ALS point cloud density is 10 points/m?, while the strong presence of

WWII bunker artifacts characterizes the landscape.
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Figure 12. Map of Area 2 (Alghero, Sardinia) pertaining to the Case Study 2. Sardinian Defensive
Landscapes. Datum WGS 1984, projection UTM zone 32 N (EPSG: 32632) — credits Sardinia region,
author (Cappellazzo, 2019) (data), author (elaboration).
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1.3 Dissertation structure

The Introduction section presents the heritage framework and emphasizes the
study's relevance by introducing the research framework and explaining the
objectives and the methodologies chosen to address the research questions.

The remaining structure of this doctoral dissertation is organized as follows:

e Chapter 2 — Literature review: Remote Sensing and machine learning
techniques for data acquisition and structuring in landscape heritage

contexts

This chapter reviews the literature concerning the methodologies and
techniques that have been investigated for acquiring and analyzing data in Cultural
Heritage contexts. The application of passive and active techniques, such as digital
photogrammetry and LiDAR via airborne and spaceborne platforms, is increasingly
crucial nowadays, as also briefly stated in the previous section. Additionally,
subsection 2.1.3 evaluates the methods for organizing and categorizing such data,
emphasizing unsupervised and supervised techniques for working with 2D raster
and 3D point clouds. Furthermore, the chapter discusses relevant heritage
documentation and data acquisition practices and examines the latest advancements
in automatic classification and segmentation in the data processing and

management framework.

e Chapter 3 — Materials and methods: Integration of multi-sensor
Remote Sensing and Machine Learning methodologies for Landscape

Heritage contexts applications

Chapter 3 discusses how remote sensing and machine learning techniques are
integrated and applied to Spina Verde Park and Sardinia Defensive Landscapes case
studies. The methodologies and workflows used for data processing are presented

here, including macro-classification of point clouds, unsupervised filtering

37



Chapter 1 — Introduction

techniques, and the development of Deep Learning models for semantic
segmentation. Additionally, the chapter presents a preliminary investigation of the
application of NN detectors for mapping heritage sites and the use of ML classifiers

and visualization techniques in identifying man-made landforms.
e Chapter 4: Results and discussions

In the fourth chapter, the outcomes of the integrated methodologies are
presented and analyzed from a critical point of view. Specifically, the chapter
evaluates the effectiveness of unsupervised filtering approaches in preparing training
data employed for the two Case Studies. It also presents the results of Deep
Learning models for semantic segmentation, assessing the performance of ML

classifiers for the classification of anthropogenic features within the study sites.
e Chapter 5: Conclusions

The final chapter summarizes the research's key contributions, emphasizing the
significance of Remote Sensing and ML methodologies in advancing landscape
heritage documentation, automation for data structuring, and analysis. It also
reflects on the challenges faced during the study and the future perspectives for the
research, suggesting ways to improve the integration of GeoAl technologies in

Cultural Heritage studies.

Some of the content that has been presented concerning methodologies, key
findings, and results insights have been previously published by the author in earlier

works (Cappellazzo et al.,2023;2024a; 2024b).
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Remote Sensing and Machine
Learning techniques for data
acquisition and structuring in

Landscape Heritage contexts

2.1 Methodologies and technologies

As briefly introduced in Section 1.2.1, in recent decades, RS and ML
technologies have significantly advanced in several application fields, such as
cartographic production automation (Savino et al., 2011), environmental and
anthropic risk monitoring for post-emergencies (Boccardo & Giulio Tonolo,
2012b), and specifically the field of CH documentation (Bassier et al., 2018; S.
Yang et al., 2023). In fact, the integration of these technologies allows for detailed,

efficient, and non-invasive methods of recording and analyzing CH sites (Argyrou

& Agapiou, 2022).
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In this context, remotely sensed data have thus revolutionized data acquisition
by offering both far-distance and close-range approaches. Methods can be classified
into passive and active technologies, which could also be categorized depending on
the acquisition platform, such as spaceborne, airborne, and terrestrial (Figure 13)
(Luo et al., 2019). In this regard, the present dissertation considers UAS platforms
as a separate aerial category of vectors, intending instead airborne solutions only

those piloted by a human operator (e.g., airplane, helicopter).
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Figure 13. Schematic diagram of Remote Sensing — credits (Luo et al., 2019)

Since doctoral research focuses on the application of suitable techniques for the
acquisition, processing, and analysis of 3D point cloud data and the interpretation
of territorial context morphology via Digital Terrain Models (DTM), these will be
presented in order to discuss different issues. In this sense, spatial and radiometric
accuracy, echo return information, penetration -capabilities, existing data
availability, density, costs, and automation are significant arguments that are
analyzed and evaluated to respond to the dissertation's expected results. Specifically,
as highlighted in the introduction, the thesis aimed at the application of ML
methodologies on heterogeneous scale Airborne Laser Scanner (ALS) point clouds
and subsequent DHMs in order to develop support methodologies that can

adequately describe the terrain and built morphology of the presented landscape
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contexts. In fact, the technology review is focused on discussing the methodology
related to territorial and landscape-scale context applications. Sub-section 2.1.1
provides an overview of the principal acquisition methodologies and describes the
principal Remote Sensing technological component in the geomatic and
information sciences framework for 3D data acquisition and processing, focusing
on CH adaptability. Sub-section 2.1.2 describes the current potentials and issues of
3D ALS LiDAR data and model interpolation. The 2.1.3 sub-section instead
illustrates the increasingly important GeoAl methodologies for the automatic

classification and semantic enrichment of 3D/2D unstructured data.

2.1.1 Passive and active sensors for CH monitoring, mapping, and

documenting

In the last decades, passive and active RS methodologies have risen and become
crucial in several application fields, such as cartography production, forestry sciences
(Iglhaut et al., 2019), agricultural sciences (Candiago et al., 2015), and, of course,
archaeological and heritage monitoring and documenting (Luo et al., 2019). In the
tollowing paragraphs are presented some of the acquisition techniques that have
been evaluated in the present dissertation to acquire complete 3D data about

extended landscape contexts.

Structure-from-Motion digital photogrammetry

In this framework, Structure from Motion (SfM) digital photogrammetry
techniques certainly occupy a privileged place. This technique involves using digital
cameras to capture multiple overlapping images of a 3D scene or object. These are
then processed to estimate the internal parameters of the camera, and thus the

camera position, by solving the relative exterior orientation of the photogrammetric
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block by image matching through homologous point identification (Granshaw,

2020; Sweeney et al., 2015) (Figure 14).

3-D Model

moving camera

Figure 14. Schematic acquisition methodology and geometrical principles for SfM digital

photogrammetry — credits Katherine Shervais (Department of Geoscience, Colorado State University)

The 3D model is subsequently processed to solve the absolute orientation by
translation, rotation, and scalation matrixes (bundle block adjustment), which are
usually calculated by Ground Control Points (GCPs) employment (James &
Robson, 2012).

This technique allows the generation of high-resolution 3D models from
relatively simple and cost-effective equipment (Westoby et al., 2012). StM
techniques, and especially UAS digital photogrammetry, are particularly useful for
documenting large areas and complex structures, maintaining at the same time a
very high spatial and radiometric resolution (Colomina & Molina, 2014). Still,
digital photogrammetry largely benefited from the integration of GNSS real-time
kinematic (RTK) sensors on remotely piloted vehicles and cameras, allowing the

direct georeferencing (DG) of the camera center positions (Carbonneau &
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Dietrich, 2017). In this framework, UAS photogrammetry can also be evaluated as
a valuable tool for the generation of dense and accurate DT Ms for microtopography
analysis and monitoring (Johnson et al., 2014). However, it should be noted that
DTM generation could be accomplished while working with data acquired in
optimal conditions and not in forested areas.

Furthermore, even CH documentation has largely benefited from the
technological development of digital photogrammetry sensors, and especially
vectors, such as Unmanned Aerial Systems (UAS) (Aicardi et al, 2018;
Remondino, 2011; Rinaudo et al., 2012). In fact, it is possible to accurately describe
immovable and movable heritage features in several scales and different contexts
(Lovitt et al., 2017; Patrucco et al., 2023; Spano et al., 2018; Vavulin et al., 2021),
from museum artifacts to building and landscape sites. Still, the importance of
radiometric and spatial resolution richness is a crucial issue for the analysis of CH
sites and buildings. In this sense, SEM techniques allow the generation of high-
resolution 3D models. In order to underline the importance of this topic, in these
sections some of the processing results of the surveys are presented from the Spina
Verde Case Study. In fact, Figure 15 shows the dense photogrammetric point cloud
of the Baradello castle area obtained from a low-altitude UAS survey. In this regard,
it is possible to observe that the spatial and radiometric resolution of the model
allows to analyze features such as the masonry texture and identify eventual decays

or inconsistencies.
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Photogrammetric
dense point cloud

a)

Figure 15. Colored densified point cloud from UAS photogrammetry from Case Study 1 integrated
survey (Como, Spina Verde Park). (a) Contextual view of the Baradello medieval tower. (b) Close-up view
of the southeast fagade of the tower. Sensor: CMOS 1” equipped on DJI Phantom 4 Pro. Processed with
Agisoft Metashape Pro — credits LabG4CH (data); author (elaboration).

Digital photogrammetry and imagery products derived from spaceborne

and aerial platforms

Among the acquisition platforms, in spaceborne remote sensing, sensors are
carried by orbiting satellites. In this case, altitude ranges are much higher than
airborne vectors (typically over 250 km), and the acquisition covers the earth's

surface at fixed intervals, depending on the satellite’s orbit. In the framework of
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territorial morphologies analyses, since the beginning of the 21 century, the
leverage of available stereoscopic images from satellite platforms has allowed the
generation of low-resolution DHMs using homologous point coordinate
extraction. These have achieved spatial resolution accuracies ranging from 5 to 10
meters in open and flat areas (Jacobsen, 2003). In this sense, in (Borgogno Mondino
et al., 2004), several tests have been conducted to validate the accuracy of DTMs
generated from 15 m Ground Sampling Distance (GSD) stereoscopic satellite
imagery in sloped mountain regions, estimating a 20 m absolute accuracy. Instead,
in (Takaku et al., 2014), the leverage of a stereoscopic triplet (2.5 m GSD) allowed
the semi-automatic processing of a DSM that has been validated with GCP and
reference DSM  estimating a RMSE (Root Mean Square Error) of 5 m.
Furthermore, (Bhushan et al., 2021) exploited commercial VHR triplet stereo
imagery to automate the generation of DHMs, validating the model with an
absolute vertical accuracy ranging from 3 m to 5 m. Although the generation and
validation of height models is a relevant topic in satellite imagery, the reliability of
open-access satellite D'TMs for monitoring archaeological and CH sites has not
been considered suitable for the present research. Instead, starting from the end of
the 20™ century, spaceborne Synthetic Aperture Radar (SAR) techniques have
proven to be more accurate for micro-topography analysis of the terrain (Massonnet
& Rabaute, 1993), although pertaining to active sensors. In particular,
Interferometric SAR (InSAR) could be employed for subsidence monitoring and
prospection due to the sensor’s capacity to sense a target with any light or weather
condition and eventually penetrate soil and vegetation depending on amplitude and
phase frequencies (Franceschetti & Lanari, 2018). In this context, (Barreca et al.,
2020) demonstrated that the analyses of ground deformation from multi-temporal
InSAR (MT-InSAR) are coherent with the displacement measurements from
traditional GNSS techniques, confirming the technique to be suitable for macro-

topography monitoring. Still, INSAR techniques have also proven their capabilities
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in detecting buried and terrain features for archaeological purposes, and they also
show better results when compared to optical imagery (Luo et al., 2019).

On the other hand, spaceborne imagery techniques can surely be considered
still suitable for various applications by leveraging multispectral and hyperspectral
data, which allows the capture of information in the non-visible range of the
radiometric spectrum. Specifically, spectroscopy imaging consists of co-registering
images related to contiguous spectral channels (Schaepman et al., 2009). In this
sense, the disambiguation between multispectral and hyperspectral imaging is
crucial where the definition of a material by the identification of spectral signature
is much more accurate where it is possible to access more numerous and thinner
spectral channels (Luo et al., 2019). Although the very first civilian satellite
program, including multispectral imagery (Landsat 1-1972), had a resolution of 15
m, contemporary spectral imaging sensors can easily reach a higher GSD, ranging
from 50 cm to 10 m, and manage multiple spectral channels. In this framework,
Sentinel 2 mission data represents a valuable open-access solution (Drusch et al.,
2012) (Figure 16). However, the low GSD from the Sentinel 2 data makes them
not suitable for archaeological and heritage monitoring unless adopting super-

resolution algorithms, as presented in (Lanaras et al., 2018).

46



Chapter 2 — Literature review

Normalized near infrared value (Sentinel 2 b08) 5

1.622 A
I 0

0 1 2 3 4 5
Kilometers

Figure 16. Normalized near-infrared band from Sentinel 2. (Level 2A —bottom atmosphere). Sample
data from Case Study 2 — Area 2 (Cagliari, Sardinia) — credits Copernicus, (Drusch et al., 2012) (data)

author (elaboration).

Moreover, it is worth mentioning that UAS equipped with photogrammetric
sensors offer flexible, cost-effective, and high-resolution data acquisition
capabilities, enhancing the documentation of both large and small sites (Kalacska
et al., 2021). In this framework, Very High-Resolution (VHR) multispectral and
hyperspectral imagery represent highly adaptable approaches, providing rich
datasets that capture a wide range of information about the condition and
composition of the territory and landscape (Batar et al., 2017; Santoro et al., 2023).
In fact, providing valuable information about the composition of materials has been
proven to be essential for preserving heritage sites (Chane et al., 2013; Picollo et al.,
2020). However, although VHR airborne or terrestrial multispectral data fusion is
considered particularly valuable for building/object-scale CH applications

(Adamopoulos & Rinaudo, 2020), it is worth noting that extended landscape
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contexts, such as those presented for Case Study 2, are difficultly surveyable with

terrestrial and UAS SfM solutions.

Data acquisition with active sensors: LIDAR

Among the sensors from remote sensing techniques, active sensors represent a
valid solution for acquiring 3D data. In contrast to passive sensors, where absorbing
existing radiation is used to take measurements (e.g., the sun), active sensors, such
as LiDAR, directly emit radiation for measurements. These systems, which have
been the basis of one of the most important surveying methodologies that have been
largely diffused and consolidated in the present millennium, can collect extensive
and accurate 3D data that can be exploited for various applications.

LiDAR sensors operate by emitting laser pulses, which bounce on objects or
surfaces and return to the sensors (Boehler & Mars, 2004; Shan & Toth, 2018).
These systems can be categorized depending on the operating principle of the
sensor. Essentially LIDAR sensors can be categorized into two classes, which also
pertain to the sensor typologies that have been employed in the surveys of the two

case studies.

e Phase shift (PS) sensors
e Time-of-flight (TOF) sensors

In PS methods (multiple-frequency phase comparison), the range value is
derived by the comparison of transmitted and received sinusoidal wave patterns
(Figure 17). Thus, by the difference between transmitted and received signals, the
fractional part of the total distance is calculated (AA). Due to the medium
acquisition range (300-400 m) and millimeter accuracies, PS systems are usually
used by terrestrial laser scanners (TLS) for building scale surveys (Shan & Toth,
2018).
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Figure 17. Phase comparison of the sinusoidal wave from transmitted and reflected signals — credits

(Shan & Toth, 2018).

TOF methods involve the accurate measurement of the time that the

transmitted laser pulse radiation employs to reach the ground object and the time

the reflected pulse employs to return to the instrument (Figure 18). Through the

calculation of the time interval that has passed between the pulse emitted by the

laser and the pulse returning from the object, it is possible to calculate the distance

and position of the point on the object (Shan & Toth, 2018).
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Figure 18. Operating scenario of a Time-of-Flight laser sensor — credits (Shan & Toth, 2018).

TOF systems are usually equipped on airborne platforms due to the high range

allowed (> 1 km). In fact, these are particularly suitable for territorial-scale

applications (Maas & Vosselman, 2010).
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Furthermore, the evolution of technologies has led to the consideration of
integrating LiDAR sensors using UAS vectors. These compact solutions now
optimize the on-flight stability issues and improve the estimation of the navigation
path with differential real-time kinematic (D-RTK) Global Navigation Satellite
System (GNSS). Moreover, the potential to estimate the ground surface is
comparable, if not superior, to that obtainable using SfM-based UAS
photogrammetry, such as demonstrated by (Kalacska et al., 2021) focusing on
environmental monitoring applications.

Still, the recent diffusion of commercial UAS platforms equipped with compact
LiDAR sensors (e.g., DJI Zenmuse L1/L.2, RIEGL miniVUX) increases
accessibility to technologies as well as provides cost-effective solutions for
experimentation on landscape and heritage high-scale 3D mapping (Diara &
Roggero, 2022; Mazzacca et al., 2022).

Furthermore, these systems have proven particularly effective in dense urban
areas (Figure 19), as described in (Kolle et al., 2021), where a UAS LiDAR system
has been used to generate a point cloud and mesh semantic segmentation

benchmark dataset for urban contexts.
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UAS LiDAR point cloud
(Riegl VUX-1LR) - Kélle et al., 2021

g
~—

1.00

-5.50

-8.75

-12.00

-15.25

-18.50

-21.75

-25.00

Figure 19. Sample data from Hessigheim 3D (H3D) benchmark, acquired from a UAS platform. (a)
RGB colored point cloud (2 oblique Sony Alpha 6000 cameras). The echo information of (b) number of
return and (c) corrected intensity have been recorded from a Riegl VUX-1LR LiDAR sensor — credits
(Kolle et al., 2021) (data).; author (elaboration).
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2.1.2 DHMs generation from airborne LiDAR

If compared to terrestrial and other techniques, such as the discrete points
measurement using the GNSS technique or digital photogrammetry, LiDAR
technologies have predominantly innovated 3D mapping and vegetation
penetration capabilities, acquiring accurate data from sensors equipped on aerial-
based vehicles (e.g., planes, helicopters, and drones). However, unlike in digital
photogrammetry and phase shift TLS, it is impossible to derive the ground
coordinates of the laser point solely with the range points (Maas & Vosselman,
2010). In fact, although UAS photogrammetry techniques could benefit from RTK
positioning for the estimation of precise sensor coordinates, this is not an essential
condition for the accomplishment of surveys. The reconstruction of the sensor
trajectory is thus possible with the employment of integrated Global Navigation
Satellite Systems (GNSS) and Inertial Measurements Units (IMUs) georeferencing
systems. These can estimate the airborne platform position and altitude with an
accuracy ranging between 4 and 7 cm and 20-60 arc seconds, respectively (Shan &
Toth, 2018). The use of airborne platforms is traditionally related to the most varied
application sectors, reducing time acquisition and ensuring high and accurate
productivity, especially for urban 3D modeling or terrain morphology analysis.
Furthermore, the recent advancements in full-waveform LiDAR (Mallet et al.,
2011) have enhanced the pulse return number recording and reflectance accuracy,
facilitating better analysis of micro-topographic features (Mancini et al., 2013). In
Figure 20 and Figure 21, it is particularly evident that the integration of full-
waveform LiDAR and digital photogrammetry represents a valuable tool for
extended areas monitoring, being able to obtain accurate data with an adequate

spatial resolution coherent to mid-scale spatial analysis, also targeting heritage sites.
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Airborne LiDAR point cloud
(Riegl LMS Q680i)

Figure 20. Sample data of the airborne LiDAR acquisition from the survey planned in Case Study 1
(Como, Spina Verde Park). (a) Close view of Baradello medieval tower from Case Study 1. (b) Contextual
view of the tower. The survey has been conducted using a Litemapper 6800 LiDAR system (Riegl LMS-
Q680i — PhaseOne iXM medium format aerial camera) — credits LabG4CH and CNR IRPI (data); author

(elaboration).
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Airborne LiDAR point cloud
(Riegl LMS Q680i)
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Figure 21. Sample data of the airborne LiDAR acquisition from the survey planned in Case Study 1
(Como, Spina Verde Park). (a) Reflectance intensity and (b) return number information. The survey has
been conducted using a Litemapper 6800 LiDAR system (Riegl LMS-Q680i — PhaseOne iXM medium
format aerial camera) — credits LabG4CH and CNR IRPI (data); author (elaboration).

However, it should be underlined that one of the critical challenges in using RS
data for archaeological and heritage monitoring derives from interpolation
processing to generate DTM. In this sense, terrain models in densely forested areas
are usually generated with higher densities and accuracy using airborne LiDAR
technology rather than digital photogrammetry or UAS LiDAR (Wieser et al.,
2016). In fact, the generation of DTMs and the spatial accuracy of raster
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interpolation techniques depends on the application context, the sensor penetration
capacity, and the density of ground points (Adedapo & Zurqani, 2024).
Given the importance of DTM generation for CH sites mapping and analyses,

in Figure 22, it is possible to observe the raw data comparison between UAS

LiDAR and manned airborne LiDAR.

a) UAS LiDAR (DJ1 L1)
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Figure 22. Sample data comparison between the UAS LiDAR point cloud and ALS point cloud
number of neighbors (1 m radius) from Case Study 1 in Spina Verde Park. The sample is taken from the
Pianvalle protohistorical settlement, where a (a) UAS LiDAR survey has been conducted with a DJI L1
(Livox) sensor equipped on a DJI Matrice 300 k. (b) The ALS survey has been conducted with a Riegl
LMS Q680i from a helicopter platform — credits LabG4CH and CNR IRPI (data); author (elaboration).

In this case, the difference in above-ground level (AGL) height is particularly
evident in terms of the calculated number of neighbors and, thus, spatial resolution.

However, since the cruciality of DTM generation has been underlined, the two
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different techniques should also be evaluated in terms of the consistency of ground
point data, especially in such a forested context. In fact, in Figure 23, it is possible
to observe that the application of ground-filtering algorithms showed the manned
airborne LiDAR to have a major penetration capability rather than UAS LiDAR.
In this regard, segmentation and filtering are fundamental steps towards the
semantic classification of 3D point clouds, and they are even useful for an accurate
analysis of primary data. For this specific reason, the manned solution represents
the preferred primary data acquisition approach, which is necessary to operate

preliminary extended analysis in forested heritage sites.

a) UAS LiDAR (DJ1 L1)

Figure 23. Sample data comparison between the UAS LiDAR point cloud and ALS point cloud
from the Case Study 1 in Spina Verde Park. The sample is taken from the Pianvalle protohistorical
settlement, where a (a) UAS LiDAR survey has been conducted with a DJI L1 (Livox) sensor equipped
on a DJI Matrice 300 k. (b) The ALS survey has been conducted with a Riegl LMS Q680i from a
helicopter platform — credits LabG4CH and CNR IRPI (data); author (elaboration).
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2.1.3 Structuring and classifying data: unsupervised and supervised

approaches for 2D grid and 3D point data

Much attention has been devoted in recent epochs to the study of automated
classification algorithms to structure geospatial data. In this framework, Artificial
Intelligence (Al) is nowadays widely studied for the optimization of classification
and documentation pipelines. Numerous ML and DL methods have been
developed and tested to increase automation and ensure classification workflow
accuracy. Specifically, nowadays, machine learning is considered a branch of
computer science where algorithms learn and improve knowledge to perform several
tasks without explicit programming. Meanwhile, deep learning is conceived to be a
branch of ML that approaches artificial intelligence and automates tasks on the
basis of data. In fact, since DL models the real world using hierarchical structures
of concepts and representations, it can construct complex representations from
simpler elements and achieve remarkable flexibility and effectiveness (Goodfellow,
2006). The efficiency of single algorithms or layered algorithms (NNs) is usually
controlled by setting the algorithm during the learning stage, which is called
hyperparameters. Specifically, hyperparametrization is a critical step in optimizing
machine learning models for tasks such as object detection, pixel classification, and
object classification. Hyperparameters are settings that influence the training
process and the model's performance. Some examples include learning rate, batch
size, number of epochs, early stop settings, and model-specific parameters. In
Sections 3.3.1 and 3.3.2, hyperparameter settings are extensively described for the
training of the deep learning models.

In this context, data structuring, labeling, and annotation represent important
research topics that can be integrated into several application domains. As also
shown in Figure 24, interest in the data labeling and annotation topic has been

graphically represented across a five-year term period.
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Figure 24. Gartner Hype Cycle graph for Artificial Intelligence (2019-2023). In the present comparison, a
focus is represented by data labeling and annotation of the Al applications topic, which, starting in 2019, has moved
across the curve, almost reaching production stability. The graph helps the user by providing an objective map that
allows them to understand the real risks and opportunities of innovation. Every Hype Cycle includes five phases: the
innovation cycle begins with a breakthrough or launch that sparks interest. Excitement peaks as usage grows, but hype
often exceeds actual results. Disillusionment follows as early adopters face issues, but with time, users start seeing
benefits and refining their approach. Eventually, the innovation reaches widespread adoption, delivering tangible, real-
world value — credits Gartner (www.gartner.com).
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Specifically, Gartner Hype Cycles are graphic representations of the maturity,
relevancy, and adoption rate of emerging and mainstream innovations. Focusing on
the data labeling topic, it is possible to understand how research has investigated
the automation of semantic segmentation, detection, and classification of data. In
addition, the countless variety of LiDAR or Image-based methodological
approaches developed in literature in the last tens of years demonstrates that
automated and integrated data structuring approaches based on multi-source data
prove to be a successful approach (Z. Chen et al., 2017).

The following paragraphs specify the two main categories of ALS data
classification that the author considered. The first subsection is related to image-
based classification approaches using raster data. Furthermore, a review of
methodologies for structuring 3D point clouds is provided, which has been so far

less investigated.
Raster-based classification approaches

The necessity to enhance the automation of image classification tasks led to the
development of various methodologies depending on the aims and the specific
criteria assumed by different algorithm applications.

Considering the different categories of image classification methods deeply
examined by (D. Lu & Weng, 2007), the high efficiency of non-parametric, per-
pixel, and supervised strategies for remotely sensed imagery and DHM has been
established. Literature research demonstrates de facto that Al techniques based on
Machine Learning classifiers (MLCs) are particularly suitable for geospatial
imagery (Maxwell et al., 2018). However, some recent studies have investigated
ML classification techniques adopting an integration strategy on DHM using
optical sensor data and ALS 3D data (Alifu et al., 2020; Maxwell & Warner, 2015).

These classification algorithms belong to the supervised learning category,
where a predictive model is generated from an input set of training samples.

Additionally, it is widely acknowledged that MLCs can handle large datasets
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effectively, producing more accurate results for complex data than parametric
classifiers (Maxwell et al., 2018). Parametric classifiers, such as Maximum
likelihood, require the assumption of a normal data distribution and are slightly
influenced by training data. Moreover, the landscape’s morphology complexity led
to noisy classification results (D. Lu & Weng, 2007). Among the variety of available
ML algorithms, Random Forest (RF) (Breiman, 2001) and Support Vector
Machine (SVM) (Cortes et al., 1995) are two extensively used approaches.

e SVM is a machine learning method based on supervised statistical
learning theory exploiting the theory of small samples (Pal & Mather,
2005). For classification learning tasks, SVM evolved as a nonlinear
probabilistic algorithm focusing on the distribution and distinction of
training samples (support vectors) among two classes based on optimal
hyperplane (Cortes et al., 1995). SVM thus efficiently suits remote
sensing applications for high-dimension pattern recognition and binary

classification tasks (Pal & Mather, 2005).

e RF combines multiple Decision Tree classifiers (DT's) (Breiman, 2001).
Each DT uses a random sample of the training data to reduce the
variance, assigning finally a unique class. The final prediction is then
assigned by considering all the DT results through the majority voting

method.

ML classification approaches have been efficiently investigated for the
treatment of SAR data based on SVM methods (Maity, 2016). For the
classification of satellite data (Maity, 2016) presented Sentinel-2 Time-Series
exploiting the Google Earth Engine computational platform. Moreover, (Zhou et
al., 2021) effectively used SVM for hills micro-landform classification based on grid
DTM.
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A specific category of raster processing and interpretation related to the present
research is the use of Geomorphological layers (GMLs) methods, composite raster
data, and visualization techniques (V'Ts) (Gawior et al., 2017). It is identified for
DTM analysis and classification tasks and employed as a training dataset for
machine learning classification algorithms. (Mukherjee & Singh, 2020) presented
an application of ML and multiple layer combination (n"12) for a multicollinearity
analysis for the classification of potential areas for groundwater, with an accuracy of
almost 80%. Furthermore, as preliminarily investigated in (Cappellazzo et al., 2023;
Cappellazzo et al., 2024a), ML and VTs have already been experimented with for
supervised automated classification of territorial micro-topography characteristics.

Moreover, artificial Neural Networks (NNs) (Rosenblatt, 1958; Rumelhart et
al., 1986; Vargas et al., 2018) also represent a valuable tool for image detection and
classification. Currently, several specific disciplinary sectors have widely explored
the potential connected to DL applications related to image classification. Recent
studies have also investigated DL research for multi-class semantic classification, as
in (Kirillov et al., 2023) where, starting from 1 billion masks on 11 million images,
a classification model characterized by a significant generalization capability has
been developed, enabling the possibility to segment a massive variety of images with
heterogeneous features. Concerning environmental studies, (Brusco et al., 2023)
developed a solution to detect crop pest species, implementing also semantic
enrichment and comparing then the results obtained using both RGB and near-
infrared UAS imagery. Also, heritage and archaeological domains have widely
benefited from the advancement of technology in the automatic classification
framework. For example, (Patrucco & Setragno, 2021), starting from a manually
annotated dataset, a fully convolutional network (FCN) has been trained aiming at
the enhancement of the photogrammetric pipeline for the 3D reconstruction of
heritage objects. Moreover, (Felicetti et al., 2021) exploited an integration of a

convolutional neural network (CNN) UNet-3 and Watershed algorithm while
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defining a methodological pipeline aiming at generating a digital vectorized

representation of decorative apparatus.
3D point cloud semantic segmentation and object detection

In the framework of semantic enrichment, classification and segmentation of
3D data have been proven to be crucial aspects of the RS technique. A large category
of classification methods is based on 3D point cloud data. The features and
challenges related to the performance of points-based classification methods differ
from those of raster-based approaches for imagery classification, mainly due to the
unstructured nature of the primary data (Xu et al., 2014; Y. Zhang et al., 2022). In
this regard, the framework of point cloud semantic segmentation and classification
is a crucial task that nowadays is characterized by continuous technological and
methodologic advancements (Sarker et al., 2024).

In this framework, DL networks and unsupervised algorithms are able to
implement learning tasks directly on the 3D point cloud data.

Among the available solutions, the geometric voxel analysis defines one of the
most diffuse approaches (Poux & Billen, 2019). A broad spectrum of unsupervised
ground filtering algorithms related to geometric and voxel relationship features can
be mentioned. The competition among them is mainly based on the accuracy of the
results related to the context-related capabilities, the nature of starting data, and the
objectives of the application. In this context, Simple Morphology Filter (SMRF)
aims to segment the ground class points, operating a division of the point cloud into
grids along an XY plane (Pingel et al., 2013). Moreover, in this framework, in (W.
Zhang et al., 2016) a method based on the cloth simulation technique is used to
extract the ground points. A combination of geometric features can be used to
recognize, extract, and label contour detector candidates from 3D point clouds
based on geometric features (Grilli et al., 2019). Still, geometric unsupervised
filtering is also directly linked to 3D modeling purposes (Hackel et al., 2016). In

fact, this research topic is crucial nowadays to overcoming the need for Digital Twin
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Cities (DTCs) or, eventually, 3D city models (Nurunnabi et al., 2022). In this
regard, several experiments on the ISPRS H3D benchmark dataset (Kolle et al.,
2021) have been conducted to enhance the segmentation of urban 3D unstructured
data and to ensure the correctness of the semantic content in imbalanced class
frequency datasets. For example, in (X. Zhang et al., 2022), the integration of
generalized-class point-transformer segmentation and a refined object-based
approach fully address the imbalanced class distribution problem. Additionally, in
(Laupheimer & Haala, 2022) a RF model has been trained using geometric,
radiometric, and echo support features derived from point clouds and mesh data.

Also, concerning supervised methods, several recent approaches explore DL
techniques applied to 3D point cloud data, showing effective results (Hu et al.,
2019; Li et al., 2018; Nong et al., 2023; Qi et al., 2016). Following the necessity of
DTCs to constantly update 3D point cloud urban data, (Ballouch et al., 2022)
trained a semantic segmentation model using the RandLLA-Net architecture for
urban point cloud data.

However, in this framework, a significant bottleneck is represented by the
generation of reference data for the training and validation issues of a DL model.
In fact, this task is onerous and time-consuming, requiring significant efforts.
Furthermore, the training process requires Python libraries that need powerful and
updated graphic hardware (CUDA enabled). The memory consumption is thus a
relevant issue while training a DL model (Guo et al., 2019). In (Varney et al., 2020),
a methodological example for training and validation data generation is addressed.
Also, a reference dataset preparation strategy has been proposed in the literature for
DL 3D points classification model evaluation, balancing the Training and
Validation dataset in 80%-20% (Matrone et al., 2020b).

Moreover, DL algorithms, specifically artificial Neural Networks (NNs), are
increasingly used for object detection and semantic labeling in several application
fields (Kirillov et al., 2023). These techniques, being applied also to LiDAR 3D
data (Guo et al., 2021; Wu et al., 2021), allow for the automated identification of
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particular elements, artifacts, and other features, enhancing the efficiency of the
automatic identification process. However, it is essential to note that point cloud
object detection is predominantly developed for applications in autonomous driving
and indoor modeling (Li et al., 2021; Xiong et al., 2013). Therefore, most of the
benchmark datasets, such as KITTI (Geiger et al., 2012) and H3D (Patil et al.,
2019), have been designed and generated for these purposes, consisting of tens of
thousands of labels, divided into several classes (Table 1), making them less directly
applicable to heritage contexts without significant adaptation (Hahner et al., 2020).

Table 1. Summary of existing open benchmark datasets for 3D object detection, showing data type,

number of classes, and annotated 3D bounding boxes.

Object Annotated

Dataset ~ Reference Year Data Type
classes 3D boxes
(Geiger et RGB + Autonomous
KITTI 2012* 8 200K
al., 2012) LiDAR driving
(Huang et RGB + Autonomous
ApolloScape 2018 6 70K
al., 2018) LiDAR driving
(Patil et RGB + Autonomous
H3D 2019 8 1.1M
al., 2019) LiDAR driving
Waymo (Sun et RGB + Autonomous
2020 4 12M
Open al., 2019) LiDAR driving
(Caesar et RGB + Autonomous
nuScenes 2020 23 1.4M
al., 2019) LiDAR driving

In fact, heritage assets are usually characterized by typology heterogeneity, and
thus not coherent with the number of annotated labels useful for training a NN
detector model. In this framework, Deep NNs that exploit LIDAR data can be
divided into three main categories relating to the point cloud representation.
Projection-based methods apply 2D Convolutional Neural Networks (CNNs) on a
2D projection of the point cloud, such as Scanet and MV3D (X. Chen et al., 2016;
H. Lu et al., 2019). Voxel-based methods (Lang et al., 2019; Yan et al., 2018) are
designed to structure the disordered point clouds into a 3D voxel structure, forming

multiple Bird’s Eye View (BEV) feature maps, where 2D CNNs are applied. Point-
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set methods extract point-wise features from the unstructured point clouds by

neighbor cluster aggregation (Z. Yang et al., 2019, 2020).

2.2 Landscape-scale heritage applications related works

This section presents some related works that concern specific applications of
remote sensing and machine learning methodologies and techniques aiming at
knowledge enhancement and mapping of heritage sites and focusing on extended

landscape-scale contexts.

2.2.1 Remote Sensing techniques for environment and Heritage

documentation

As briefly introduced, in recent decades, RS technologies have significantly
advanced the field of CH documentation (Bassier et al., 2017; S. Yang et al., 2023).

Several applications have been developed for the CH domain to detect land or
subsurface features and monitor site conditions at a landscape scale. For example,
(Abate et al., 2021) have applied multispectral imagery enhancement and analysis
to investigate potential buried structures in the medieval monastic settlement of San
Vincenzo al Volturno, Italy. In fact, in this framework, providing valuable
information about the material and ground composition has been proven essential
for preserving heritage sites (Agapiou & Skarlatos, 2023). Furthermore, the
potential for data fusion between point clouds and multispectral UAS
photogrammetry has been demonstrated in (Santoro et al., 2023). Specifically,
fusion between Mobile Mapping Systems (MMS) data and multispectral imagery
has allowed for an extended and comprehensive mapping and understanding of
military heritage. Since two of the main characteristics of the fortified built heritage
are often inviolability and inaccessibility, (Barazzetti et al., 2023) exploited DG

UAS photogrammetry for the digital documentation of Italian Alps fortifications.
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Still, the work also compared the traditional SfM reconstruction techniques with
Neural Radiance Fields (NeRF) to generate dense point clouds, aiming at the 3D
modeling of the heritage objects.

Following this multi-sensory approach, active RS technologies, including
Terrestrial Laser Scanning (TLS), MMS, and Airborne LiDAR, have become
essential tools in CH domain study. In fact, multi-sensory and multi-scale
acquisition methodologies have been particularly adopted in heritage
documentation processes (Martino et al., 2023). Airborne LiDAR, in particular,
has shown great potential in densely vegetated extended areas where other survey
methods are less effective (Luo et al., 2019). Such systems can penetrate forest
canopies to reveal underlying archaeological or landscape features (Wieser et al.,
2016), making them an invaluable tool for extended CH sites mapping, study, and
analysis (Cappellazzo et al., 2023). For instance, in (Masini et al., 2011), ALS data
in several heritage case studies have been conducted and analyzed, demonstrating
the Airborne LiDAR capabilities in specific heritage contexts, specifically mapping
unknown features and detecting landforms in dense woodland areas. Among others,
Golden et al. (Golden et al., 2021) collected 331 km? of high-resolution airborne
LiDAR data, demonstrating ALS point clouds to be suitable for extended heritage
contexts, where the necessity was to detect unmapped rural Centro-American
heritage artifacts and infrastructures.

Specifically, it is also important to consider that ALS point clouds are
particularly suitable for DSMs and DTMs. In fact, in (Albrecht et al., 2020), it is
underlined how interpolation techniques directly impact the utility of the data for
archaeological analysis.

In the framework of active sensors application to heritage contexts, in recent
years, the increasing progress of UAS has allowed the equipping of high-resolution
sensors with relatively low-cost solutions. For example, (Mazzacca et al., 2022), a

UAS LiDAR survey has been conducted for archaeological documentation in a

densely forested area. Also, (Diara & Roggero, 2022; Kersten et al., 2022; Maté-
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Gonzilez et al., 2022) have investigated the accuracy performances and geometric
quality of commercial LIDAR sensor L1 from DJI by comparing L.1 data with full-
waveform ALS sensors, TLS, and Simultaneous Localization and Mapping

(SLAM) data. This allowed the demonstration of the potential of UAS LiDAR

technologies for built Heritage documentation.

2.2.2 Automatic classification and segmentation approaches:

enhancing data processing and structuring for semantic enrichment

Since several research studies from the previous section demonstrated the
importance of integrated multi-sensor and multi-scale data, it is also important to
underline that raw 3D data comes in an unstructured form. In fact, since semantic
structuring methodologies are essential to analyzing and processing remotely sensed
data, the following paragraphs present related research works that have worked
towards automating landscape-scale CH sites data structuring.

Applying ML and DL techniques in analyzing remotely sensed data has opened
new avenues for the analysis and interpretation of CH sites (Argyrou & Agapiou,
2022). In fact, several experiments have been carried out to enhance heritage
documentation and data structuring. Moreover, in such a complex application field,
semantic accuracy and specificity are crucial for evaluating automation approach
performances both in ML and DL directions (Matrone et al., 2020a).

Although automatic learning approaches are being increasingly studied
nowadays, leveraging both raster-based data and 3D data, the classification of
optical imagery and grid-based DHMSs has been more extensively explored,
particularly within the context of remote sensing applications for CH applications.

In this sense, in (Orengo et al., 2020) a ML algorithm has been developed for

archaeological mounded site detection in the Cholistan Desert (Pakistan). The
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work exploited Sentinel 1 Synthetic Aperture Radar (SAR) and Sentinel 2
multispectral data, extracting thus georeferenced vector polygons. Yet also (Soroush
et al., 2020) exploited a FCN inspired by the U-Net model architecture for pixel
classification, aiming at the mapping of anthropogenic wells (or qanat) systems in
Erbil (Iraq). Moreover, also the exploitation of DHMs data and visualizations has
proven to be effective for archaeological and landscape heritage artifacts and
earthworks mapping, as demonstrated by (Davis et al., 2021). Specifically, airborne
LiDAR point clouds have been exploited to generate 1.5 meters DTM and
different visualizations such as Hillshade and Slope analysis to train a Res-Net-50
DLM for the detection of Native American underground deposits (shell ring) in
Florida.

Since the majority of presented applications leverage optical or grid-based data,
it should be underlined that also the classification and segmentation of raw point
clouds are essential tasks for generating semantic content and extracting meaningful
information from unstructured data (S. Yang et al., 2023). In fact, ML techniques
such as semantic segmentation and raster classification of landscape and
archaeological contexts represent a valuable tool for enhancing sites knowledge and
processing automation (Grilli et al., 2018). An instance of this is represented by the
work of (Mazzacca et al., 2022), where a UAS LiDAR system has been used for a
3D metric survey of an archaeological area under a densely forested area.
Specifically, ML algorithms such as Random Forest have been used to detect
ground-level archaeological features leveraging point cloud data and Visualization
Techniques (VTs) using shaded interpolation of ground class points. (Bundzel et
al., 2020), tested several CNNs for the semantic segmentation of the Pacunam
LiDAR Initiative (Guatemala) airborne survey in order to generate accurate
DTMs. The aim was yet again to detect archaeological remains by training a DLM
exploiting U-Net CNN and Mask R-CNN networks.

Finally, given the research background, it should be clear how machine-

learning techniques applied to CH contexts are nowadays becoming crucial tools
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for mapping and data structuring automation, supporting heritage domain experts
(Fiorucci et al., 2020). Specifically, the research topic for automation in data
structuring and labeling has probably reached a high degree of maturity, being
highly investigated in several research areas and real-world field applications.
However, as previously mentioned in Section 1.1.2, applications regarding the CH
domain are not fully investigated, and still, the various methodologies presented are
often exploited singularly. Given this important and complex methodological
background, the present doctoral research aims to develop an integrated GeoAl
approach for airborne LiDAR data semantic structuring. In this sense, it is worth
reiterating what was stated in Section 1.1.3: the present dissertation originality
consists of the study, design, and adoption of different methodologies of
heterogeneous data (both 3D and 2D) structuring methodologies for cultural
heritage field applications, aiming to build a specific and transferable workflow.
Specifically, the objective is also to address the issue of big spatial data processing
automation through deep learning model training and traditional machine learning
OBIA algorithms, where the necessity is the analysis of cultural landscape contexts
and the detection of non-mapped built artifacts or landscape anthropogenic
earthworks. The primary data and methodologies exploited in the doctoral research

are deepened in the following Chapter 3.
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Integration of multi-sensor Remote
Sensing and Machine Learning
methodologies  for  Landscape

Heritage context applications

The integrated methodologies that have been investigated in the present
doctoral research involve applying semi-automatic segmentation and classification
approaches on aerial LiDAR datasets based on machine learning technologies
through a combination of methods. As mentioned in the 1.2.2 section, the aim is
to adequately document the landscape morphology of the territorial context and to
detect and map ground-related features (e.g., anthropogenic landforms) and
historical defensive heritage systems. Specifically, mapping these non-documented
landscape morphological features and heritage systems has been intended to bridge
the gap in the existing geographic datasets and update and enrich the domain-
related spatial database. In fact, within the complex framework of Cultural Heritage

documentation and data structuring, this work aimed at integrating comprehensive,

70



Chapter 3 — Materials and methods

current methodologies for the semantic classification and object-detection of 3D
LiDAR point clouds (S. Yang et al., 2023) and raster data (Maxwell et al., 2018).
Therefore, the whole research is evaluated and validated, considering each approach
from a holistic perspective.

After the first phase related to the primary data acquisition and collection
(Section 3.1), the second part of the methodology consists of integrating
unsupervised geometric filters (Section 3.2) with supervised Neural Network (NN)
models for a generalized macro-class automatic segmentation of 3D point cloud
data (Section 3.3.1). The macro-classes are intended to be compatible with the
American Society for Photogrammetry and Remote Sensing (ASPRS)
specifications (Graham, 2014) (Table 2).

Table 2. ASPRS Standard LiDAR point classes from The LAS 1.4 Specification (Graham, 2014).

Classification value Meaning
0 Created, never classified
1 Unclassified”
2 Ground
3 Low Vegetation
4 Medium Vegetation
5 High Vegetation
6 Building
7 Low Point (noise)
8 Reserved
9 Water
10 Rail
11 Road Surface
12 Reserved
13 Wire - Guard (Shield)
14 Wire - Conductor (Phase)
15 Transmission Tower
16 Wire-structure Connector (e.g., insulator)
17 Bridge Deck
18 High noise
19-63 Reserved
64-255 User definable
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In this regard, although an overgeneralized class scheme could be nowadays
defined as insufficient for semantic segmentation purposes, in such a complex
research context, it has been crucial to define a semantic classification scheme that
could equally meet both the mapping and data structuring necessities dictated by
the objectives and the constraints imposed by the data scales. In fact, the
methodology aims firstly to test semantic structuring techniques on high-scale data
from low-altitude airborne LiDAR surveys. These preliminary tests are then useful
to verify if the leverage of the existing regional ALS dataset as primary data for ML
analysis of the defensive landscape could allow a robust and comprehensive analysis
of fortification systems without the necessity of acquiring new data.

Moreover, a preliminary investigation for the development of LiDAR object
detection methodologies for heritage defensive systems and artifacts mapping has
been addressed. In this regard, since the developed integrated method is conceived
as a multi-scale approach, the integration of landscape scale macro-classification
DLM and artifact scale 3D detection could represent a significant research
direction. Therefore, the semantic segmentation method has been developed at a
lower scale for land cover classification and subsequently combined with a higher
scale approach for mapping heterogeneous defensive architectures. In fact, Section
3.3.2 consists of the preliminary investigation answers and training data generation
for the DL object-detection strategies aiming at the identification of specific point
cloud objects. In this last sense, a class schema has been prepared for the generation

of training labels for the object detection DL approach (Table 3).
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Table 3. Historical Defensive Heritage object-detection and land cover schema. This class schema

has been created to provide a basic semantic structure for the DL object-detection approach. For each

class is also listed the number of elements in each area.

Class CS2 Areal CS2 Area2
Class name Description
value objects objects
28 out of This class contains all the
28 out of 62
0 not classified 113 points remaining from the
45%
25% other classes.
This class integrates all
2outof 62 6outof 113  kinds of objects related to
1 coastal tower
3% 5% military observation towers
and outposts.
This class must be intended
1 outof 113 as objects pertaining to
2 bastion -
1% fortification walls and
bastions.
This class contains objects
related to pillbox-fortified
66 out of
14 out of 62 structures. These structures
3 pillbox 113
23% must be intended as a
58%
special type of concrete
camoutflaged guard post.
This class contains objects
12 out of
15 out of 62 related to military batteries,
4 battery 113
24% whether those be antiaircraft
11% )
or antinavy.
This class contains objects
3 out of 62
5 fort - pertaining to fortresses and
5%
strongholds.

Finally, the integrated workflow inquiries about the application of ML

classification techniques using unconventional non-optic imagery data, such as

DTM and geomorphological analysis (Section 3.4).
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3.1 Primary data and Case Studies Territorial contexts

Following the analysis of the literature pertaining to RS techniques applied to
CH contexts, several considerations based on primary data evaluation should be
issued. Firstly, the employment of terrestrial platform sensors could provide dense
and accurate data compatible with object-scale heritage documentation objectives.
Nevertheless, integrating multiple sensors and exploiting terrestrial and aerial
platforms is usually recommended for a 3D metric survey of CH sites in the
direction of comprehensive multiscale documentation. Still, while working in an
extended landscape context, it should also be considered that airborne sensing
techniques are preferred platforms for the rapid collection of more data. Moreover,
the necessity to generate DTMs that are widely used for CH analysis and
monitoring requires evaluating the primary data in terms of the sensor’s ability to
penetrate surface elements (e.g., vegetation) and, consequently, the ground point
density. In this regard, the airborne (helicopter or UAS) LiDAR and SfM datasets
from the Spina Verde Park case study will be presented and subsequently evaluated

in the following sub-section.
3.1.1 Spina Verde Park

The research area of Case Study 1, located on the southern side of the Como
Lake, features a vast dimension (almost 36 km?), with dense and irregular forest
coverage of the Spina Verde Park and evergreen plants in certain areas, resulting in
varying densities of point clouds. The area elevation is between 164 m and 597 m,
and it is featured by steep gradient slopes of 0° min, 66° max, and 13° mean (Figure
25). Given these characteristics, a low-altitude integrated
LiDAR/Photogrammetric flight survey has been meticulously planned to facilitate
the efficient acquisition of comprehensive and uniform data and achieve an optimal

point density for the micro topography investigation.
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| | Airborne LiIDAR
T datatile (75 pts/m?)
597 m
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Figure 25. Area of the airborne LiDAR acquisition for case study 1 and site’s morphology: (a) DTM,
(b), and slope direction analysis. The DTM has been calculated from the filtered point cloud that has a
density of 75 points per square meter (not filtered). The ground class has an average point spacing of 20
centimeters. Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) — credits LabG4CH, CNR
IRPI, Lombardy region (data); author (elaboration).
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As mentioned in the introduction to the case studies (Section 1.2.1), the
airborne data that has been leveraged in the Spina Verde Park Case Study 1 has
been acquired in 2022 within a collaboration project with the CNR research
institute for hydrogeological protection (Cappellazzo et. al, 2023).

To mitigate the effects of dense vegetation on hilly terrain, the acquisition has
been performed before the spring season to minimize vegetation growth. The flight
was performed using a Eurocopter/Airbus AS350 (Figure 26a) equipped with
multi-sensor hardware composed by Litemapper 6800 LiDAR System with a
RIEGL LMS-Q680i full waveform laser head operating with a maximum laser
pulse repetition rate (LPRR) of 400 kHz at 60° of scan angle, with nominal laser
beam divergence < 0.5 mrad. The aerial flight positioning and altitude computation
is performed using an IGI AEROControl GNSS/IMU composed of a 256 kHz
IMU and a full GNSS Septentrion. Finally, a 150 MP PhaseOne iXM-RS150F
medium format aerial camera (50 mm focal length) for stereo pair images is

equipping the platform.
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Figure 26. (a) Picture of the Eurocopter/Airbus AS350 used for the survey and (b) LiDAR pod
containing the Litemapper LiDAR system, the GNSS/IMU platforms and the full frame PhaseOne
camera — credits CNR IRPI.

Since the external aerial LIDAR pod (Figure 26b) is engineered to be removed
each time, a dedicated calibration flight is mandatory to obtain a reliable dataset.
For this reason, after takeoff, a special pattern composed of 8 cross-flight strips at
different AGLs over the helipad base was executed to calculate boresight

calibration. The helipad is fully resolved from a topographic/geodetic point of view
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through ground control points, checkpoints, and tie points useful for estimating
boresight misalignments (different for each flight) and solving camera parameters.

The flight has been planned to provide a 70%-50% overlap in front and lateral
directions, considering an average AGL of 490 m. The flight pattern comprised 11
flight strips, 9 with NNE-SSO and 2 orthogonal to them, used for on-site boresight

calibration purposes (Figure 27).

Figure 27. Flight pattern over the Spina Verde Park Case Study — credits CNR IRPI (data); CNR
IRPI (Cappellazzo et. al, 2023) (elaboration).

Two cross-strips were added over the survey area to check and improve
boresight (roll, pitch, heading, and mirror scale) parameters. The area was
overflown to obtain high spatial resolution images with a GSD between 3 and 4.8
cm/pixel. Finally, a dense raw point cloud was generated with an approximate
density of 40-50 pts/m?* over border areas and more than 100 pts/m? over the top
hilly area (with smaller AGL). The average density of data is thus estimated at 75

pts/m?.
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In this case, the trajectory on aerial LIDAR application is solved in post-
processing using Precise Point Positioning (PPP) e.g., when no GNSS ground
station of a geodetic reference frame is present. The presence of a GNSS CORS
(Continuously Operating Reference Station) over the survey area permitted to solve
aerial N, E, H separation (256 Khz IMU with two epochs per second) with an
RMSE (Root Mean Square Error) of +/- 0.030 (ETREF2000 — ellipsoidal). After
that, to reduce the ellipsoid height to a local orthometric datum, an official geoid
model provided by the IGM (Italian Military Geographic Institute) based on the
ITALGEO2005 geoid model was applied (Declared accuracy is +/- 0.035 m at 1o
or +/- 0.100 m at 30).

Moreover, as a terrestrial complement, an extensive survey campaign made by
ground-based surveys has been planned to monitor individual archaeological sites.
These ground-based data ensured a multi-scale approach and enriched the
comparative analysis between aerial and terrestrial datasets, as already extensively
discussed in (Cappellazzo et al., 2023). An integrated UAS photogrammetric and
terrestrial/UAS LiDAR campaign was carried out to document the Park landscape
and its archaeological sites. In the specific framework of this research, the campaign
primarily delivered GNSS measurements that have been used to validate the ALS
dataset. The terrestrial survey was planned to integrate the ALS survey on specific
archaeological sites and to provide a collection of ground control points for the
validation of the ALS data. This has been done by collecting 27 GCPs (average
accuracy =~ 0.03 m) taken with GNSS real-time positioning techniques all around
the survey areas, used to check the plano-altimetric consistency of the point cloud.
Furthermore, a rubber-sheet algorithm based on GCPs Z-axis residuals was used
to smooth the altimetric fluctuation of the point cloud (Table 4). The GCPs have
been used as East-North constraints for the absolute orientation of the
photogrammetric block. Consequently, a model keypoint ground surface was

generated and used for image projection and the final orthomosaic generation.
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Table 4. Rubbersheet algorithm and GCPs Z-axis residual weighted average have been used as
parameters for the algorithm (The control points are thus not absolutely fixed but have a variable variance

to guarantee best fitting over the local plane.)

Maximum Std.
RMSE [m]
absolute AZ [m]

Minimum

absolute AZ [m] Deviation [m]

0.001 0.12 0.052 0.052

Concerning the documentation of the specific sites, both the Pianvalle site and
the Baradello castle area were documented, integrating terrestrial LIDAR (TLS),

UAS LiDAR, and UAS photogrammetry methodologies. As it is possible to

observe in Table 5, the accuracies ranging from 1 to 4 cm — are consistent with the

prefixed aims of the survey, thus granting a multi-scale data collection.

Table 5. Resume table of the collected data and the post-processing accuracy assessment.

Methodology Pianvalle Baradello
sensor Faro Focus 120 Faro Focus 330
n’ scans 24 22
TLS
ICP 6.5 mm ICP 6 mm
accuracy assessment
target 10 mm target 11 mm
CMOS full frame camera CMOS 1”7 camera
sensor
UAS DJI Matrice M300 DJI Phantom 4 pro
S n’ images 73 (AGL 5.5 m) 631 (AGL 42.5 m)
GCP2.1cm GCP41cm
accuracy assessment
CP3.3cm CP3.8cm
Zenmuse L1 (Livox)
sensor
UAS DJI Matrice M300
LiDAR n’ scans 2
accuracy assessment N/A

The acquisition of heterogeneous data has allowed thus to evaluate the

consistency of the acquired datasets. Although the spatial and radiometric
resolution of digital photogrammetry and UAS LiDAR appear to be more
consistent, following the literature studies these techniques were not considered

suitable for the territorial scale analysis of the area. Furthermore, in addition to the
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several processing of acquired datasets, these have been extensively compared to
confirm the state-of-the-art best practices for DTM generation in extended forestry
contexts. Following the carried-out analyses, it is visible from Figure 28 that despite
a superior spatial resolution, digital photogrammetric techniques could not
adequately describe the ground morphology. If compared to the employment of a
manned airborne full-waveform LiDAR sensor operating from a higher AGL (400
m vs. 42.5 m) SfM-based data can be considered useful for the tower
documentation. However, considering the necessity to derive and analyze the site
topography, the photogrammetric dataset is not sufficient to describe the terrain

under the canopies.
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Figure 28. Sample section comparison between the SfM dense point cloud and ALS point cloud
from the Case Study 1 in Spina Verde Park. The sample is taken from the Baradello tower, where a UAS
photogrammetric survey has been conducted with a CMOS 1” camera equipped on a DJI Phantom 4. The
ALS survey has been conducted with a Riegl LMS Q680i from a helicopter platform — credits LabG4CH
and CNR IRPI (data); author (elaboration).
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A similar behavior is noticeable from the comparison between ALS data and
UAS LiDAR data, as observed in Figure 29. In this case, in addition to the superior
penetration capability of the sensor operating from the manned platform, several
issues have been identified regarding the resolution of the sensor's trajectory and,
therefore, the registration of the acquired data. This is partly due to the black-box
nature of the commercial system used, which does not ensure controlled workflows

during data processing stage.

a) UAS LiDAR (DJI L1)
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Figure 29. Sample section comparison between the UAS LiDAR point cloud and ALS point cloud
from the Case Study 1 in Spina Verde Park. The sample is taken from the Pianvalle protohistorical
settlment, where a UAS LiDAR survey has been conducted with a DJI L1 (Livox) sensor equipped on a
DJI Matrice 300 k. The ALS survey has been conducted with a Riegl LMS Q680i from a helicopter
platform — credits LabG4CH and CNR IRPI (data); author (elaboration).

Moreover, some issues have been encountered while evaluating reflectance
intensity acquisition, as shown from the comparison with full-waveform ALS data
in Figure 30. In this case, almost the entirety of the data coming from the UAS
LiDAR sensor shows null reflectance values (0 values are approximately 26% of

total data).
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a) UAS LiDAR (DJI L1)
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Figure 30. Sample data comparison between the UAS LiDAR point cloud and ALS point cloud
from the Case Study 1 in Spina Verde Park, showing non-normalized reflectance intensity values of
ground-class points. The sample is taken from the Pianvalle protohistorical settlment, where a UAS
LiDAR survey has been conducted with a DJI L1 (Livox) sensor equipped on a DJI Matrice 300 k. The
ALS survey has been conducted with a Riegl LMS Q680i from a helicopter platform — credits LabG4CH
and CNR IRPI (data); author (elaboration).

3.1.2 Sardinia Defensive Landscapes

As presented in Section 1.2.1, the research sites of Case Study 2 pertain to two
different coastal areas of Sardinia. Specifically, the first area pertains to the main
urban settlement of the island, Cagliari. The designed contextual area of the city
extends almost 180 km?, alternating dense urban fabric, rural and salt pans areas,
and dense low-vegetation shrub cover in the coastal part. The area elevation is
between 0 m and 247 m, and it is featured by steep gradient slopes of 0° min, 57°

max, and 9° mean (Figure 31).
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Figure 31. Area of the airborne LiDAR acquisition for case study 2 (Area 1 — Cagliari, Italy) and
site’s morphology: (a) DTM, and (b) slope direction analysis. The DTM has been calculated from the
filtered point cloud that has a density of 2 points per square meter (not filtered). The ground class has an
average point spacing of 1 meter. Datum WGS 1984, projection UITM zone 32 N (EPSG: 32632) —

credits Sardinia region (data); author (elaboration).

The second area context is related to one of the most important urban settlements of
the island's northwest, Alghero (Figure 32). With a higher maximum elevation than Area
1 (331 m) and a higher average slope (12°), the Alghero areas are characterized by
distinctive karst morphology, caves, sinkholes, fractures, and channels, particularly visible

along the coast where the dense shrub vegetation recedes.
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Figure 32. Area of the airborne LiDAR acquisition for case study 2 (Area 2 — Alghero, Italy) and
site’s morphology: (a) DTM, and (b) slope direction analysis. The DTM has been calculated from the
filtered point cloud that has a density of 10 points per square meter (not filtered). The ground class has

an average point spacing of 50 centimeters. Datum WGS 1984, projection UTM zone 32 N (EPSG:

32632) — credits Sardinia region (data); author (elaboration).

Given the vast dimension of the research areas and the widespread diverse

typologies of fortifications (presented at the beginning of the chapter in Table 3),

the necessity was to acquire sufficient data that would be useful to document the

territorial context of defensive heritage systems adequately.
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In 2007, the Autonomous Region of Sardinia issued a series of tenders for
implementing an integrated LiDAR and photogrammetric aerial survey over the
coastal areas of the Sardinian territory. The aim of the survey was to obtain
georeferenced orthoimages, DSM, and DTM, specifically focused on the coastal
strips and particularly on the major urban centers facing the sea. In this sense, it is
possible to understand how much the coasts are considered the primary touristic
economic driver for this territory and how coastal landscapes represent thus a crucial
asset for the regional administration and inhabitants' wealth.

After a brief analysis of the grid DTM products in the catalog of the Sardinia
Geoportal website (Sardinia Geoportal - Autonomous Region of Sardinia, 2024),
the datasets of the research areas selected in Section 1.2.1 have been made available
by the Cartographic Information Sector of Sardinia region. The ALS point cloud
pertains to two surveys (Table 6) conducted in 2008.

Table 6. Surveys details. This table provides information about the sensor used and the survey and

post-processing characteristics.

Vertical  Ground Average
LPRR Target AGL

Survey  Sensor Overlap accuracy  speed density
[kHz] echoes m
[m] [kn] [pts/m?]
ALTM
1* 125 4 30% 25 140 1400 2
Gemini
Riegl
2" LMS- 240  unlimited™  60% 10 110 500 10
Q560

* Survey 1 is intended to be the sum of the acquisitions that have been completed in several weeks.
** The stored echo information is practically limited only by the maximum data range allowed by the data
recorder of the LiDAR system.

The total extension of the acquisitions (Figure 33) covers almost the entire

waterline length.
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Figure 33. Map of the data provided by the Sardinia Region. The stripes available from the two
airborne LiDAR surveys are located on this map. The two surveys were carried out using two different
sensors, as detailed in Table 2. Datum WGS 1984, projection UTM zone 32 N (EPSG: 32632) — credits

Sardinia region (data); author (elaboration).
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Survey 1 represents most of the acquisitions and has thus been planned and
executed at 1400 m AGL and a ground speed of 140 knots (= 260 km/h). This
results in a point cloud dataset with an average density of 2 points per square meter,
which is the primary data from Area 1. Contrarily, Survey 2 has been planned to
focus only on the Alghero municipality area (Area 2). In this case, the acquisition
has been conducted with a low AGL (500 m) and a 110-knot ground speed (~ 200
km/h), resulting in a density of approximately 10 pts/m® Besides the flight
characteristics, it is possible to observe from the available information that the
sensors and the operating conditions were significantly different.

In fact, the sensor from Survey 1 was a multi-echo (Mallet & Bretar, 2009)
laser scanner head system operating with a 125 kHz Laser Pulse Repetition Rate
(LPRR). The point cloud datasets strips (Figure 27) have been obtained from the
regional Cartographic Information Sector in a LAS file format, storing sensor
information as intensity and echo returns (incomplete).

Instead, the sensor from Survey 2 was a full-waveform topographic LiDAR
(Mallet & Bretar, 2009) laser head and operated at a 240 kHz PRR frequency.
Despite the technological superiority of the second sensor, these point cloud strips
have been given in an XYZ file format, not storing significant information
regarding the multiple echo returns.

For this specific reason, the unsupervised and supervised semantic
segmentation methodologies for the Sardinian case studies have been developed
considering this issue, exploiting thus only the geometrical information of the point

clouds.
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3.2 Point cloud macro-classification: unsupervised filtering
approaches for DHMs generation and Machine Learning

training data preparation
g prep

Concerning the LiIDAR data structuring methodologies, the two case studies
have followed two different unsupervised approaches for the semantic segmentation
of the ALS point clouds. These are extensively described in the following sub-
sections. In this context, unsupervised filtering methodologies have been evaluated
from the perspective of accurate DHM generation, yet also as a possibility for
automating the reference data preparation for the application of 3D point cloud

semantic segmentation (3DPCSS) techniques.

3.2.1 Spina Verde Park: unsupervised filtering of acquired high-
scale LiDAR data

In this regard, the intention was to establish a methodological low-time
consumption pipeline to semantically classify an ALS LiDAR point cloud into a
highly generalized model, following the ASPRS LAS specification (Lewis Graham,
2012). However, it is crucial to specify that for Case Study 1 the vegetation class
was not intended to contain only the points referring to the vegetation but also all
the other points remaining from the ground and building classes (e.g., powerlines).

In this sense, a 3-class semantic segmentation schema has been used (Table 7).
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Table 7. Semantic segmentation class schema description for Case Study 1.

Class value Class name Description
This class contains all the points pertaining to the
2 Ground
ground surface.
This class contains objects recognized as trees, and
5 High vegetation other points remaining from the ground and
building classes.
o This class contains points related to human-made
6 Buildings

artifacts, such as buildings, ruins, etc.

Regarding the unsupervised approach that has been developed for Case Study
1, the objective was to evaluate the effectiveness of combining different
unsupervised filters: the consolidated SMREF filter (Pingel et al., 2013) for the
ground extraction step (Figure 34) and a tailored geometric filter to distinguish

between buildings and vegetation.

Simple Morphology Filter (SMRF)
Ground from non-ground distinction

B Ground M Non-ground

Figure 34. First step: ground from non-ground filtering with SMRF - credits (Cappellazzo et al,,
2024a)

The SMRF filter divides the point cloud into grids along an XY plane. The
lowest elevation value is computed within each grid element to create a minimum
elevation surface map. Through an iterative segmentation of the surface map and

the elevation and slopes calculation from an estimated DTV, it is possible to
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distinguish between ground and non-ground pixels referring to the optimal
threshold for elevation difference and slope tolerance. The segmentation mask
obtained from this process is then applied to the original point cloud, removing
non-ground points. The integrated unsupervised filter uses the eigen-based
geometric features of normal (A;) and curvatures (1 m radius neighborhood) to
distinguish among points pertaining to vegetation or building classes. In this
function, the variance in normals and curvature values has been used to differentiate
between buildings and vegetation. Buildings typically exhibit greater planarity
conditions than vegetation, resulting in less curvature variation and relative normals
differences among neighboring points in a certain cluster. In contrast, vegetation
points are scattered, leading to higher curvature variations than buildings. In this
regard, the contemporary condition of low normal values (< 0.05) and low mean
curvature (< 0.1), represents buildings, as shown in Figure 35.

The result of the filtering process returns a classified point cloud. The filtering
process could then be optimized for every case study, using eigenfeatures to
disambiguate with more accurate results. The final structure of the point cloud is x,

¥, z, 1, C, where:

I = Intensity

C = Classification ground truth label

In this case, a reduced field structure has been conceived to generate light
reference data for the training of a transferable DLM for ALS point clouds. One
of the aims is in fact, the evaluation of automation strategy using the least number
of parameters possible, avoiding storing radiometric and return pulse values. Yet,
the evaluation of the application of an unsupervised filter has been done from the

perspective of DHM generation from the segmented point clouds.
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Figure 35. Computed normals — As (a) and mean curvature (b) values. The geometric features have

been computed on a 1-meter radius.

3.2.2 Sardinia Defensive Landscapes: existent mid-scale LIDAR

data

In order to document the coastal landscapes from Case Study 2, an adequate
structuring of ALS point cloud datasets has been essential.
In such a complex research context, it has been crucial to define a semantic

classification scheme that could equally meet both the mapping and data structuring
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necessities dictated by the objectives and the constraints imposed by the data scales.
For this reason, a 5-class scheme has been proposed (Table 8).

The classification scheme consists of 5 classes, which, given the scale and thus
the data density, are based on the LAS specifications of the American Society for
Photogrammetry and Remote Sensing (ASPRS) standard (Graham, 2012). In the
framework of the present research, it should be underlined that since the application
of ML analysis is directed toward the comprehension of fortification architectures,
particular attention has been given to the building class that embeds most of the

studied artifacts.

Table 8. Semantic segmentation class scheme description for Case Study 2.

Class value Class name Description

This class contains all the points remaining from
1 Unclassified the other classes. It particularly refers to low

vegetation (e.g., bushes), cars, etc.

This class contains all the points pertaining to the

2 Ground
ground surface.
5 High vegetation This class contains objects recognized as trees.
o This class contains points related to human-made
6 Buildings
artifacts, such as buildings, ruins, etc.
9 Water This class contains water surface points.

The class scheme's aim is to provide an efficient macro-class segmentation of
unstructured point clouds, distinguishing between terrain, trees, buildings, and
water. Moreover, the Unclassified class is developed to host object classes that are
not identifiable due to the scarce density issues. In fact, points pertaining to low
vegetation, urban furniture, and cars are not clearly distinguishable from one
another.

Since it has been defined the classification scheme, the first step in structuring
the data has been the employment of unsupervised filtering approaches. First, a
preprocessing phase was necessary for the entire dataset, from which data blocks

organized into 2000 m by 2000 m tiles were generated. After organizing the data
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for both areas, it was decided to generate a reference ground-truth dataset using the
point clouds from Area 1 (Cagliari). In fact, using low-density data (2 pts/m?)
would allow training a classification model with significantly representative data
while avoiding GPU memory overflow errors (Matrone, Lingua, et al., 2020). The
preliminary analyses of a part of the ground truth have thus been conducted,
similarly to previous research work. The eigenvalues of the geometric vectors
(normals - A3, curvature, sphericity, number of neighbors, surface density, surface
variation) of the point clouds have been calculated with a radius of 1, 2.5, 5, and 10
meters. These indices were used for an unsupervised segmentation of the points
(non-ground) remaining from applying the Simple Morphological Filter (SMRF)
algorithm (Pingel et al., 2013). Moreover, while evaluating different filters, the
Cloth Simulation Filter (CSF) (W. Zhang et al., 2016), despite its accuracy
capabilities, has been yet considered less effective in this context.

Multi-sensor data integration techniques provide rich datasets that allow
capturing a wide range of information about the condition and composition of the
territory and landscape (Batar et al.,, 2017). In fact, these have risen in several
application fields, such as cartography, forestry sciences, and agricultural sciences
(Candiago et al., 2015; Iglhaut et al., 2019). Moreover, providing valuable
information about the material composition has been proven to be essential for the
study of heritage sites (Picollo et al., 2020). Since spaceborne imagery has been
proven efficient in several water and vegetation resource studies, this contribution
proposes a data fusion approach to enhance the automation of the point cloud
labeling process. Specifically, an integration of ALS point cloud data with Sentinel-
2 missions near-infrared band (NIR) (Drusch et al., 2012) has been developed to
support manual labeling activities in this coastal landscape heritage context.
However, it is worth mentioning that due to the resolution difference between the
ALS point cloud and spaceborne imagery, an upsampling strategy has been essential
to match the spatial resolution of the Sentinel-2 bands (10 m) with the average

point spacing of the ALS point cloud data (1 m). For this necessity, a cubic
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resampling algorithm has been selected to accurately achieve the point cloud spatial
resolution while avoiding sharp interpolation resulting from the Nearest Neighbor
algorithm (Roy et al., 2016). However, despite the spatial resolution resampling
algorithms being a consolidated approach, those do not provide an efficient solution
for radiometric resolution enhancement. In fact, the integration of point cloud data
with the NIR band has been exploited for the segmentation of the water class. In
this sense, two different approaches have been tested to segment the water class
points, as shown in Figure 36.

The first approach consisted of generating a vector 2D mask to be used in
Cloud Compare for a semi-automatic areal water segmentation. The Normalized
Difterence Water Index (1) (McFeeters, 1996) has been calculated, generating thus
a 2D polyline vector.

Green (b03) — NIR (b08)
Green (b03) + NIR (b08)

NDWI =

Additionally, a second approach has been tested to directly integrate ALS data
with the near-infrared information as a point cloud scalar value. In this case, the
NIR band has been projected on a 3D mesh triangulated from the DSM, and thus,
a point cloud scalar field has been generated with a Majority Voting Nearest
Neighbors (6 points) algorithm. However, despite the successful integration of NIR
semantic information, the enriched ALS point clouds have not been declared
sufficient for the identification or discrimination of other elements (e.g., vegetation
and buildings), not coherent with the original spatial resolution of the Sentinel 2
data (10 m). Therefore, this approach has led to an efficient automatic segmentation
of water class points, thus granting the generation of accurate DSMs and DTMs.

Moreover, after a rapid manual correction of the data classification resulting
from the unsupervised approaches, it has been generated valid ground-truth

reference data for the training of a DLM for semantic segmentation.
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Figure 36. Sentinel-2 data fusion approaches. Vector water mask generation for areal segmentation
(a). Band 8 NIR projection on DSM mesh for scalar value interpolation (b). Datum WGS 1984, projection
UTM zone 32 N (EPSG: 32632) — credits Sardinia region, Copernicus, (Drusch et al., 2012) (data);

author (elaboration).

3.3 Machine Learning for LIDAR point clouds

The use of unsupervised filters, which have been described in the previous
sections, has been useful in validating an automatic approach for the generation of
DHM. However, the focus on the use of the filters is here studied as a replacement
or aid for manual segmentation in data preparation to train NN semantic models
of ALS point clouds. The study of DLMs training methodology for extended
landscape heritage context is presented in Section 3.3.1. Moreover, since one of the
aims has been intended to be the historical defensive systems mapping, the
methodology thus explored the solutions for fortification classes automatic
identification from existing airborne LiDAR point clouds. In this framework,
Section 3.3.2 describes the preliminary investigations that have been done toward
the application of LIDAR DL object-detection techniques.

In this specific framework, it has been evaluated the method's reliability using
the graphical user interface solution in ArcGIS Pro instead of a common code-

based solution. Nowadays, software houses like ESRI are deepening the research of
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integrating Machine Learning tools inside software to allow spatial data scientists
to easily include GeoAl processing tasks in the same environment. Regarding the

processing, two different workstations were used to train the models (Table 9), both

with CUDA-enabled NVIDIA RTX graphic cards.

Table 9. Workstation specifics comparison

Workstation GPU VRAM [GB] Accessible RAM [GB]
1 NVIDIA RTX A4000 16 32
) NVIDIA RTX A5000 24 32

3.3.1 Macro-classification: training data and deep Neural Networks

Following the unsupervised approach that has been described in Section 3.2,
with the reference ground truth data generated by geometrical filter application, the
second step was to train semantic segmentation DLMs aiming at converting
unstructured 3D datasets into a semantically organized dataset. This dataset
contains significant semantic information about the class of each point, which is
used as primary data input for the NN.

Two separate neural architectures have been used in the training process:
RandLA-Net (Hu et al., 2019) and PointCNN (Li et al., 2018). A CE (Cross-
Entropy) loss function has been used for both architectures that pertain to point-
based approaches. As previously mentioned, RandLA-Net and Point CNN
significantly differ for two reasons. Firstly, PointCNN 1is a point convolution
network using only coordinates as input, while RandLA-Net is a point-wise
multilayer perceptron architecture. Moreover, PointCNN is particularly suitable for
analyzing small-scale object clouds. At the same time, RandLLA-Net is designed to
efficiently process urban or territorial-scale data, incorporating a random sampling
phase for each network node. For this reason, and specifically for Case Study 1, the
primary datasets have been employed, adopting different downsampling strategies

and normalization techniques for the point cloud values. In fact, in this framework,
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it is extremely crucial to have access to adequately structured LiDAR data and
process the dataset in such a way as to save computational power. Especially
concerning DL approaches, as widely demonstrated by the state of the art (Matrone
et al., 2020b), using original-resolution LiDAR point clouds with global
coordinates and non-normalized scalar fields can impact processing times and

consume excessive memory.

Spina Verde Park: a first test approach toward point cloud data structuring

with low resource consumption

As briefly discussed in the previous paragraph, different downsampling
strategies have been explored in Case Study 1 to prepare training data to avoid
excessive GPU memory consumption. The PointCNN models have been trained
using subsampled data (2 pt/m?) with a minimum distance subsample strategy,
while the RandLA-NET models have been trained using the original resolution
data (75 pt/m?). The main reason for adopting this subsample strategy was to reduce
the inferential training time and memory consumption. Additionally, the intention
was to evaluate the methodology’s scalability using a strong subsample strategy.
Moreover, the classification of “older” datasets with lower density > 10 pts/m?, such
as those presented in Case Study 2 represents a crucial issue in the environmental
and heritage data structuring and landcover mapping framework.

One of the aims was also to evaluate the impact of geographic coordinates in
the training process. Despite previous research experiences, this aspect has been
considered extremely important to avoid memory exceeding failure (Matrone et al.,
2020a). The training data has thus been generated using shifted classified point
clouds resulting from the integrated unsupervised filter, where some checks and few
corrections related to the building class have been applied. In this case, the aim was
to limit the manual operator intervention, working on a reduced dataset that will

be used as a training dataset. Three different training datasets have been generated,
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which differ in data quantities, area, and the balance percentage between training
and validation data for each set (Table 10). The impact of these aspects has been
then evaluated during the training phase. These TV datasets have thus been tested

for the models training, using only the intensity value as an additional parameter.

Table 10. Training data preparation for Case Study 1 semantic segmentation model training.

Tiles TV
Total
number Training/Validation  on total
Dataset Training/Validation Area
(100m™*100m) percentage dataset
[km?]
percentage
Spina
Total 36.00
Verde
Train 100 1.00 71%
TV-1a* Validation 40 0.40 29% 3.9%
Total 140 1.40
Train 22 0.22 69%
TV-1b* Validation 10 0.10 31% 0.9%
Total 32 0.32
Train 20 0.20 80%
TV-1c
- Validation 5 0.05 20% 0.7%
Total 25 0.25

* Testing with workstation 1 (Table 9)
**  Testing with workstation 2 (Table 9)

The TV-1a dataset has been generated by selecting the 140 blocks (100 m x
100 m) with the highest density within the Spina Verde dataset (Figure 37). These
have been thus randomly split into training and validation data. In this regard, the
automatic selection of point cloud blocks based on higher density has, on the one
hand, been reducing the time required to prepare the two datasets, but on the other
hand, it has proved ineffective in preventing class frequency imbalances, as shown
in Table 11. Starting from the first training tests with both NNs leveraging the TV-
1la dataset, some critical issues have emerged during the conversion phase of the 3D
data LAS standard to H5 (Hierarchical Data Format version 5) (Folk et al., 2011)
required by the technical python pipeline. Since the graphical interface did not

allow controlled management of the conversion to *h5, each original square block
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was separated during the conversion, generating multiple round blocks. Therefore,
the final number of converted blocks does not correspond to the original number of
140 tiles, chosen for the training and validation of the models, generating thus

critical issues as following reported.

TV-1a

set

[ Training ["1Validation set

005 1 " 2km

Figure 37. TV-1a location map. Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) —
credits CNR IRPI, author (data); author (elaboration).

Table 11. Data consistency and class distribution of the training dataset (T'V-1a) that has been used

for training and validating the predictive segmentation model.

TV-1a Data Percentage Class Class Distribution
Ground 30%
Training 80% High Vegetation 68%
Building 2%
Ground 31%
Validation 20% High Vegetation 68%
Building 1%

In this case, the models had linear learning until the 5* epoch, decreasing the
errors on both training and validation datasets at each epoch despite observing an

abnormal increase in errors on the validation set in the 6™ epoch. However, the

100



Chapter 3 — Materials and methods

gradual learning loss of the two subsets does not coincide with a systematic increase
in the model's accuracy values.

The TV-1b dataset (Figure 38, Table 12) enabled a more accurate selection of
the tiles to ensure a representative sample of data, partially preventing class
imbalances and reducing the number of batches to be processed. For both NN, the
learning rate of the models appeared promising in the first epochs. However, both
models eventually overfit, memorizing the reference data without effectively
learning from it, resulting in poorly generalizable predictions. The excessive errors
on the validation set were induced, once again, by inaccuracies in the input data
conversion of the 32 original data square tiles (Table 10) that did not reflect the
number of converted round blocks. Moreover, the issues with out-of-memory errors
were still present, leading to the impossibility of training a working semantic

segmentation model.

TV-1b

o ,¢05 1 ., ,2km

Figure 38. TV-1b location map. Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) —
credits CNR IRPI, author (data); author (elaboration).
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Table 12. Data consistency and class distribution of the training dataset (T'V-1b) that has been used

for training and validating the predictive segmentation model.

TV-1b Data Percentage Class Class Distribution
Ground 42%
Training 79% High Vegetation 49%
Building 9%
Ground 45%
Validation 21% High Vegetation 45%
Building 10%

For this reason, new training data (TV-1c) has been accurately prepared and

extensively analyzed, slightly reducing input data (Figure 39).

TV-1c

M Training set M Validation set

&

(] 20[] ’ 400 m eailed section

Figure 39. TV-1c location map. Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) —
credits CNR IRPI, author (data); author (elaboration) (Cappellazzo et al., 2024a).

Since the Park area is characterized by dense vegetation, the TV-1c dataset has
been chosen to adequately represent the class distribution of the area. In fact, it is
possible to observe from Table 13 that the most populated class is the one pertaining
to high vegetation. The class imbalance issue observed in this dataset and its
generalized class scheme is a well-known problem. This issue also arises when
working with denser datasets (Kolle et al., 2021), where there is a need to provide

a less generalized class schema (Niemeyer et al., 2014).
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Table 13. Data consistency and class distribution of the training dataset (T'V-1c) that has been used

for training and validating the predictive segmentation model.

TV-1c Data Percentage Class Class Distribution
Ground 34%
Training 79% High Vegetation 54%
Building 12%
Ground 36%
Validation 21% High Vegetation 53%
Building 11%

Finally, two final predictive DLMs have been thus trained for TV-1c and will
be discussed in Section 4.2.1:

« DLM 1, trained original resolution data (NN architecture: RandLA-Net);

* DLM 2, trained using subsampled data (NN architecture: PointCNN).

The final training stage was set using the model hyperparameter specification.
Both the DLM 1 and DLM 2 segmentation models have been trained without any
pretraining on transfer learning backbones. The starting base learning rate was fixed
at 0.0014, and rather than using a fixed rate, optimization has been implemented
to dynamically adjust the learning rate by analyzing the learning curve loss. Early
stopping was also employed to end training when it recorded the highest F1 score,
aiming the model to reach its best validation performance. All these choices and
spaces for hyperparameter tuning were essential for achieving convergence
efficiency with robust segmentation accuracy over the point cloud data. The loss
plots for PointCNN and RandLANet highlight key aspects of their training
behavior and generalization ability. In the case of PointCNN (Figure 40), the
training loss steadily decreases, showing that the model effectively reduces errors
within the training set. However, an important observation is the behavior of the
validation loss that, after initially declining, starts to rise. This increase is a strong
indication of overfitting. In fact, while the model continues to improve on the
training data, it gradually loses its ability to generalize new, unseen data. The

growing gap between training and validation loss suggests that beyond a certain
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point, additional training no longer enhances generalization but instead leads to
memorization of the training set. This pattern emphasizes the importance of
strategies like early stopping, dropout, or other regularization techniques to prevent
overfitting.

RandLANet plot (Figure 39), on the other hand, exhibits a different trend,
particularly in its first training phase. Here, both training and validation losses
decrease in a synchronized manner, indicating that the model is not only learning
effectively but also maintaining its ability to generalize throughout the process. The
fact that the gap between the two loss curves does not widen suggests that
RandLLANet is not overfitting under these conditions, which could mean that its
architecture or design inherently supports more stable learning. Additionally, the
model appears to reach convergence relatively quickly, requiring fewer training
batches to achieve a comparable reduction in loss. This efficiency is an important

factor, especially when computational resources are limited.

PointCNN
Backbone: None
Learning Rate: 0.0014

Training and Validation loss
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Figure 40. Hyperparametrization and learning loss curves for DLM 2.
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Figure 41. Hyperparametrization and learning loss curves for DLM 1.

The models have then been subsequently tested on four areas (100m*100m test

dataset) (Figure 42), using both original resolution and sub-sampled data, in order

to evaluate the classification in different morphological and urban contexts. In fact,

these specific test areas have been chosen to analyze the model’s behavior in

different regions of the area, which accurately represent two main characteristics of

the Como area: the dense urban fabric areas that embed the Park and the forested,

less anthropized areas of the Park itself, as observable in class distribution (Table

14).

Table 14. Class frequency of the Como case study test datasets used to evaluate the trained predictive

model. This dataset has been selected to evaluate the model performances in 4 different contexts than the

training dataset.

Ground High vegetation Building
1 39% 19% 42%
2 60% 25% 15%
3 31% 29% 40%
4 40% 58% 2%
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Cavallasca %

Casellario  Trinita
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Figure 42. Map of the Como case study test areas location. The presence of heterogeneous features

and morphology characterizes the considered areas — credits (Cappellazzo et al., 2024a).
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Sardinia Defensive Landscapes: toward an interoperable semantic
segmentation Deep Learning Model for mid-scale airborne LiDAR point

clouds

Following the unsupervised approach that has been described in Section 3.2.2,
with the reference ground truth data generated by geometrical filter application, the
second step was to train semantic segmentation DLMs aiming at converting
unstructured 3D datasets into a semantically organized dataset. Moreover, the DL
methodologies application largely benefited from the lesson learned during the
Case Study 1 experiments.

The training dataset for Case Study 2 (TV-2a, Figure 43) has been selected
from the ALS data of Area 1 (Cagliari) and consisted of training and validation
datasets balanced at 78%-28% (Table 12). Furthermore, particular attention has
been given to the selection of data to ensure both the representativeness of the urban
and landscape morphology of the area and a homogeneous distribution of classes

between the two parts of the dataset.

TV-2a

D Point cloud training dataset

D Point cloud validation dataset
0 1 2

Figure 43. Map of the location of the TV-2a (Case Study 2 — Area 1, Cagliari). The red tiles are
about the training set, while the green blocks relate to the point cloud tiles used to validate the model —
credits (Cappellazzo et al., 2024b).
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Table 15. Data consistency and class distribution of the training dataset (T'V-2a) that has been used

for training and validating the predictive segmentation model.

TV-2a Data Percentage Class Class Distribution
Unclassified 5%
Ground 58%
Training 78% High Vegetation 10%
Building 26%
Water 2%
Unclassified 6%
Ground 67%
Validation 22% High Vegetation 8%
Building 18%
Water 1%

Finally, a predictive segmentation DLM (DLM 3) has been trained using the
Training dataset from Area 1 (Cagliari). The training process employed RandLA-
Net (Hu et al., 2019) neural network architecture, which has been selected due to
its capacity to efficiently handle large-scale datasets, incorporating a random
sampling phase for each network node. A cross-entropy loss logarithmic function
has been used to validate the model.

Similar to DLM 1 and 2, DLM 3 has been trained without incorporating any
backbone model and setting the starting learning rate to 0.0014. The adapting
learning rate optimization has been implemented as well in order to initially take
relatively large steps to accelerate convergence and then progressively refine the
model’s parameters following the decrease in the loss curve.

Regarding the DLM 3 training, where training extends over a significantly
larger number of batches, the behavior of the model (Figure 44) remains largely
consistent for most of the training duration. Both loss curves decrease steadily,
demonstrating continued learning. However, towards the later stages, a slight
increase in validation loss becomes apparent while the training loss continues to
decline. This suggests that given enough training time, even RandLANet is

susceptible to overfitting, though to a lesser extent than PointCNN. The key
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takeaway from this observation is that, while RandLANet generally maintains
better generalization properties, prolonged training can still introduce overfitting if

not carefully controlled.

RandLANet
Backbone: None
Learning Rate: 0.0014
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Figure 44. Hyperparametrization and learning loss curves for DLM 3.

Comparing DLM 1-2-3, it is evident that PointCNN exhibits overfitting much
earlier, whereas RandLLANet is able to maintain a more balanced learning process
over shorter training durations. However, neither model is entirely immune to
overfitting, and both could benefit from adaptive training strategies such as dynamic
learning rate scheduling or regularization techniques tailored to their specific
architectural characteristics. These observations highlight the importance of
carefully managing training duration and hyperparameters to ensure that models
not only learn effectively but also retain their ability to generalize to new data.

Moreover, to evaluate the predictive model performance, 4 test datasets have

been selected (Table 16). For example, test area 7 is characterized by many points
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related to the building class (80%), while test area 8 has a more balanced frequency

but with more points related to vegetation (36%).

Table 16. Class frequency of the Sardinia case study test datasets used to evaluate the trained
predictive model. This dataset has been selected from Area 2 (Alghero).

High
Unclassified Ground Building Water
vegetation
5 2% 52% 2% 38% 6%
6 4% 43% 9% 44% -
7 1% 19% 1% 80% -
8 3% 41% 36% 20% -

Figure 45. Map of the test dataset areas. The test point clouds have been selected from the Case
Study 2, Area 2 (Alghero) — credits (Cappellazzo et al., 2024b).

The evaluation of the Model 3 results will be further discussed in Chapter 4.

3.3.2 Deep Learning detectors: a preliminary perspective test aiming
at mapping automation for defensive and military Heritage artifacts

leveraging mid-scale existing point clouds

Since one of the aims has been intended to be the development and application
of an integrated methodology for historical defensive landscapes, it has been

necessary to evaluate the priorities, challenges, and issues related to the
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identification of fortifications. Due to the high number of fortification sites and
buildings and the accessibility challenges of their location, a preliminary
investigation regarding the automatic object detection approach exploiting the
semantic segmented point clouds has been addressed.

Therefore, in this research framework, this part of the methodology thus
explored the solutions for fortification automatic identification from existing
airborne LiDAR point clouds. However, it should be underlined that input data
density, training data preparation, and predictive model training require several
specific capabilities.

As mentioned in Section 2.1.3 Deep 3D object detection NNs for LIDAR data
are increasingly being studied due to LIDAR spatial capture capabilities. Contrarily
to 2D detection based on imagery data, the spatial comprehension given by active
LiDAR techniques of an environment is a great benefit for recognizing 3D objects.
Yet several challenges in 3D detection are present, because of the sparsity of LIDAR
point clouds (Wu et al., 2021).

Moreover, the preparation of a reference dataset requires analysis of data
characteristics, scene typology, and the number of object classes and annotations.
In fact, this doctoral research addressed two essential preliminary technical
questions: input point cloud data and reference data preparation. In order to test
the label generation process, the research focused on bunker architectures of the
WWII coastal containment arch system that are widespread in Alghero’s territory
(Area 2).

Moreover, the ALS data from Area 2 has been considered dense enough (10
pts/m?) to recognize bunker objects that were easily distinguishable from other
elements (e.g., bushes). Relatively to this context, Area 2 was characterized by a
relatively high number of bunker artifacts, as reported in Table 3. Comparing the
numerosity of the presented objects with the number of annotations in the object-
detection benchmark datasets, it is evident that the data augmentation challenge

should be addressed. These issues are further discussed in the conclusion chapter.
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The generation of reference data was completed in a GIS environment, starting
from point geometries of different census domain datasets (Fiorino, 2021;
Cappellazzo, 2019). The label generation workflow consisted of extruding the
squared buffers of the object centroid between two altimetric levels (Figure 46). The
base height of the 3D bounding box has been calculated from the average reference
DTM height. Consequently, the extrusion value has been summed to base height,

generating the 3D bounding box for the training labels stored in ASCII format.
2
A
4 3

Figure 46. Label generation workflow: from a point feature class to a 3D geometry — credits
(Cappellazzo et al., 2024b).

1

Section 2.1.3 has presented different types of 3D detectors NNs, that have
precise characteristics and limitations. In fact, the projection and voxel
methodologies result in the loss of LiDAR data information. However, the
application of 3D CNN:ss in voxel-based methods still allows for the extraction and
learning of local features from the 3D representation (Wu et al., 2021). Yet, point-

based approaches fully exploit the 3D geometry without significant information loss
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(Guo et al.,, 2021), despite some limitations that occur for point-wise feature
generation.

In the framework of the present contribution, it has been conducted a
preliminary training experiment exploiting the SECOND (Sparsely Embedded
CONvolutional Detection) detector with arcpy 2.9 libraries. Specifically,
hyperparameters have been set to optimize the learning process by concentrating on
all the relevant data. The minimum points per block have been set to 0, ensuring
that all data blocks were considered for training. The model focused on blocks
containing objects of interest, optimizing the learning process by concentrating on
relevant data. Similar to the point cloud segmentation models described in the
previous sections, the learning rate strategy was set to dynamically adjust the
learning rate to enhance convergence and model performance.

Batch size has been set to 2, allowing for frequent updates to the model
parameters and facilitating faster convergence.

Early stopping was enabled to prevent overfitting. This mechanism allowed the
halt of the training process, ensuring the model maintains generalization
capabilities. Additionally, voxel settings were meticulously configured to define the
granularity and computational limits of the voxel grid used in training. These

settings included parameters such as voxel width (0.30 m) and height (0.30 m).

3.4 Machine Learning Classifiers and raster Visualization
Techniques (VTs) for anthropogenic landforms
classification

In the framework of CH mapping, it is worth underlining that when using an
Airborne Laser Scanner (ALS) technique to investigate archeological landscapes in

highly forested areas, also features such as trails, standing stones, walls, roads,

canals, earthworks, and similar features must be reflected in the final DTM.
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Starting thus from the segmented point clouds and after density evaluation analysis,
the subsequent step has been addressed toward generating an accurate DTM. In
addition to the elevation model, also geomorphological analysis and composite
geomorphologic raster have been used to define and evaluate the best strategies to
be adopted for the application of OBIA-supervised automatic classification

methodologies.

3.4.1 LiDAR data interpolation: DTM generation and
Geomorphological Layers (GMLs) for Heritage sites

comprehension

As long as the average spacing through the ground class points was 20 cm, a
DTM was calculated with a 20 cm GSD corresponding to the initial data density.
Generally, various features related to the ground surface can be detected, such as
trails, human earthworks, and similar elements present, even if not well represented,
in the raw DTM. Considering the research aims, interpreting visual features related
to the ground surface, such as anthropogenic elements, represents a relevant
challenge. Therefore, the issues connected to difficulties in identifying and
interpreting these visual features became evident when studying the DTM. In fact,
it was not easy to unambiguously detect these features in ALS point cloud data and
the subsequent raster interpolation of D'TM. It is indeed clear from Figure 47 that
both the orthoimage and raw DTM did not help reach the research aims.
Concerning the RGB orthoimage, the vegetation covers almost the entire
underlying terrain, even though aerial photogrammetric acquisitions have been
performed during the leafless period of the year.

To address the issues related to ground feature identification, an investigation
was carried out to generate geomorphological raster datasets that could enhance the

interpretation of traces in the terrain morphology.
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Different geomorphologic analyses have been conducted to determine the most
significant geometrical and numerical signatures and to detect the significant
ground shapes (Figure 47). The shaded visualization and the slope, aspect, and flow
direction analyses have been generated from the DTM surface.

Moreover, from a Focal Statistic (FS) analysis on a 5-pixel neighborhood

cluster of the DTM, a Relative Roughness index r; (Jenson & Domingue, 1988)

raster has been estimated using the raster calculator.

(Fsmean - Fsmin)
(Fsmax - FSmin)

ry =

From a spatial analysis of the 3D point cloud, the direction value of the
magnetic north was calculated for each point. This function calculates the
orientation angle for each point using the supplementary attributes of Magnetic
North vectors acquired during the flight (Pomerleau et al., 2012). The resulting
scalar field is then interpolated to create a shaded false-color visualization. From
this visualization, human artifacts such as trails become more visible. This method
is considered an effective alternative to simple DTM Hillshade, which often fails

to highlight man-made paths, especially under vegetation.
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Key-plan Orthoimage with overlapped trail Digital Terrain Model
data

Magnetic North direction Roughness statistic (normalized index)

Figure 47. A comparison of orthoimage, DTM, and subsequent geomorphological analyses was
performed on a sample site, showing the park's trails. Each raster analysis has been visually inspected,
considering a sample area, in order to understand its suitability for the rapid identification of the

anthropogenic shapes of the terrain — credits (Cappellazzo et al., 2024a)

From the visual inspection of the geomorphological analyses (Figure 47), it is
evident how specific ground features such as trails, depressions, and rock formations
are detectable. On the contrary, the elevation model and the orthoimage have not
proven suitable for this type of task since the searched features are not
unambiguously evident. Therefore, Geomorphological Layers (GMLs) have been
used as training datasets for applying Machine Learning (ML) classification
algorithms.

After the classification accuracy evaluation (Section 4.3) using the individual

geomorphological analyses, several composite raster datasets have been generated

by combining the GMLs (Figure 48).
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Key-plan

Composite b

Composite a

90m

Composite d

Figure 48. Comparison of the chosen composite geomorphological raster. In Table 4, it is possible
to observe the RGB band disambiguation for each raster — credits (Cappellazzo et al., 2024a)

In this case, the aim was to assess whether generating these composite rasters
could enhance the classification effectiveness. For this reason, five composite raster
data sets were generated. The combination of GMLs in each composite raster is

reported in Table 17.

Table 17. RGB bands disambiguation in the composite geomorphological raster, as in Figure 48.

COMPOSITE
Red band Green band Blue band
RASTER
Magnetic north
Composite a Aspect Roughness index
direction
Composite b Flow direction Shaded visualization Roughness index

Magnetic north

Composite ¢ Flow direction Roughness index

direction
Composite d Shaded visualization Flow direction Aspect
Composite e Shaded visualization ~ Shaded visualization Aspect
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3.4.2 ML training data preparation strategies focusing on low

human-resources consumption

Since it has been established that Machine Learning classifiers (MLCs) are
particularly suitable for geospatial imagery (Maxwell et al., 2018), the integration
of Machine Learning techniques within the methodological workflow has been
tested. However, in contrast to what has been developed so far, some recent studies
(Alifu et al., 2020; Maxwell & Warner, 2015; Mazzacca et al., 2022) have
investigated ML classification techniques adopting an optical sensor data
integration strategy with digital elevation model data. In this step of the pipeline,
the goal was to achieve a high level of automation for the macro-scale land-cover
mapping task, which was the ultimate objective of the proposed methodology,
adopting thus the use of MLCs.

As stated in section 2.1.3 the training samples have a crucial role in the
effectiveness of the MLCs, even if there is not a generalized model for the training
data preparation. However, it can be assumed that the numerosity and size of
training samples must be planned accurately, depending on the classification
algorithm, the number of class variables, the quality of the primary data, and the
variety within the whole spatial extension (IMaxwell et al., 2018). Two approaches
in two distinct areas have been employed during the training data preparation
(MLC-1 and MLC-1b). In both instances, the predefined dual-class classification
scheme was employed to categorize anthropic shapes and ground. The areas and
the support vectors that have been used during the training data preparation are
displayed in Figure 49 and Figure 50. For this task, a predefined dual-class
classification scheme was employed to categorize anthropogenic landforms (namely
trails) and ground. The first objective was to minimize human involvement in the
labeling process while maximizing label coverage across all regions of the training

areas.
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MLC-1a area strategy

(a)

0 50 100 m

(b) M Terrain
M Anthropogenic forms

0 50 100 m

Figure 49. (a) Map of the training area MLC-1alocation. (b) Training data label generation strategy.
Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) — credits CNR IRPI, author (data); author
(elaboration) (Cappellazzo et al., 2024a).

MLC-1b area strategy

(a)

0 50 100 m

(b) M Terrain
M Anthropogenic forms

0 50 100 m

Figure 50. (a) Map of the training area MLC-1b location. (b) Training data label generation strategy.
Datum RDN2008, projection UTM zone 32 N (EPSG: 7791) — credits CNR IRPI, author (data); author
(elaboration) (Cappellazzo et al., 2024a).
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In the first area (MLC-1a), the main aim was the optimization of the labeling
procedures by decreasing the number of samples and increasing their average area.
Regarding the second area (MLC-1b), the number of labels has been increased up
to the recommended minimum (>15) (Maxwell et al., 2018) while reducing the
average size of the samples (Table 18). While the SVM classifier succeeded in the
classification task even with the few support vectors of MLC-1a, the RF algorithm
did not accomplish the classification task due to the low number of labels. For this
specific reason, the comparisons between the performance of the two MLCs have
been addressed only as concerns MLC-1b. The results of this approach will be

discussed in Section 4.3.

Table 18. Traditional ML training data labeling strategy comparison.

MLC-1a MLC-1b
Class % m?*total m? average % m?*/total m? average
Trail class 15.67% 87.92 26.27% 21.89
Terrain class 84.33% 277.54 73.73% 32.11
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Results and discussions

This chapter reports the results relative to the integrated methodology
presented in the Materials and Methods chapter that has been developed in
Chapter 3 to address the data structuring challenges of airborne LiDAR data for
extended landscape areas. The classification accuracy of the semantic segmentation
and detector DLMs (Section 3.3) and the MLCs (Section 3.4) has been evaluated
by comparing the predictions with the ground truth labels. Starting from the data
reported in the confusion matrices (true positives, true negatives, false positives,
false negatives), the following metrics (Tharwat, 2018) have been estimated to
evaluate the achieved results: Accuracy (3), Precision (4), Recall (5), F1 score (6),
and mean Average Precision of all classes (C), mAP (7). The metrics have been

calculated as follows:

A _ True positives (TP) + True negatives (TN) 3)
eedracy = True positives (TP) + True negatives (TN) + False negatives (FN) + False positives (FP)
TP
. (4)
Precision TP ¥ FP
TP
_ ®)
Recall TP + FN
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Precision X Recall 6
F1 score =2 X (6)

Precision + Recall

1
mAP = ﬁz AP, @)
ceC

4.1 Unsupervised filter approaches: a semi-automatic

pipeline for training data preparation

4.1.1 Spina Verde Park: validation of the method

Concerning the application of the integrated filtering approach based on the
SMREF filter (ground) and geometric feature-based filter (off-ground) for deriving
the three classes (Section 3.2.1), the following results can be analyzed and discussed.

Considering the unsupervised approach (Figure 51), positive outcomes have
been experienced for terrain and vegetation classes. In contrast, the building class is
the one characterized by the worst results in terms of metrics (Table 19).

Integrated unsupervised filter

B Ground Vegetation [ Building

Non sub-sampled data Ground Truth Non sub-sampled data Predictions
(75 pts/m?) (75 pts/m?)

Figure 51. Unsupervised filter results: ground truth comparison with prediction results on the T-V-

a validation dataset — credits (Cappellazzo et al., 2024a).
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Table 19. Accuracy metric assessment of the unsupervised geometric filters carried out on the T-V-

a validation dataset

Elapsed Time
Class Accuracy  Precision Recall F1 score
[hh:mm:ss]
Macro Average 0.93 0.79 0.86 0.82 00:14:33
2 — Ground 0.90 0.76 0.99 0.86
5 - High

0.90 0.99 0.86 0.92
Vegetation
6 — Building 0.99 0.62 0.73 0.67

The high Accuracy metric achieved (=99%) is due to the heavy numerical
imbalance of points belonging to this class. For this reason, the very high number
of true negatives (10776575 out of 10990089, ca. 98% of total points) significantly
affects the Accuracy of this class. However, considering also the Precision, Recall,
and F1 score, it can be observed that the building class is the one characterized by
the lowest performance. This highlights the difficulties of the employed
unsupervised algorithm in unambiguously recognizing the considered class. Overall,
the results can be considered adequate for the accurate generation of a digital model
of the terrain. Specifically, a sensitive evaluation of the results for individual classes
demonstrates how the SMRF filter (Pingel et al., 2013) manages to apply good
generalization in ground points. However, cases of under-prediction are observed
in some areas (Precision =76%). Integrating a geometric features filter algorithm
allows disambiguation between building classes using only the eigenvalue of normal
(A3) and the geometric value of sphericity, which was then evaluated. In this case,
the significant imbalance between the two classes does not lead to easily
interpretable results, especially regarding points related to buildings. However, it is
evident from Table 16 that the vegetation class does not demonstrate an optimal
sensitivity (Recall =86%) if compared to the one achieved for the Ground class
(Recall =99%). As shown in Figure 52, a high percentage of over-prediction can be

observed, particularly localized on building roof areas with higher noise and
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characterized by architectural objects deviating from the average surface (e.g.,

chimneys).
Integrated unsupervised filter
M Ground Vegetation Building
Non sub-sampled data Ground Truth Non sub-sampled data Predictions
(75 pts/m?) (75 pts/m?)
po ——— = L o = ——— L

Figure 52. Example of filter results ambiguities. Comparison of Ground truth with prediction results
of the unsupervised filter adopting a section in a reduced point cloud sample — credits (Cappellazzo et al.,
2024a).

Similar behavior occurs in the case of the vertical elements related to facades,
which are generally less dense and noisier than the horizontal ones. Due to this
topological difference, the points pertaining to these surfaces are less assimilable as
belonging to a plane and thus associated with the vegetation class.

However, considering that the main objective was to segment ALS data in
order to evaluate the effectiveness of the unsupervised integrated filter, this objective
is not precluded or influenced by the results obtained. As observable by the
evaluation metrics related to the ground class and reported in Table 16, this step of
the proposed methodology represents a valuable solution for generating accurate
DTMs. The classification results of the unsupervised filter have been thus evaluated
with a visual inspection of a human operator and, where necessary, refined in order

to be used as the primary dataset to train a DL classification model.
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4.1.2 Sardinia Military Landscapes: testing data fusion approaches

for method implementation

Although the predictive model results represent the final stage of the
methodology, it is equally important to discuss the outcomes achieved during the
data preparation stage. As introduced in Section 3.1.2, the echo information
embedded in the airborne LiIDAR data was either absent or incomplete. To address
this, the present research analyzed and compared return information, reflectance
intensity, and newly calculated fields (see Figure 53). From both visual and
statistical inspections, the echo return information (Figure 53a) and intensity
(Figure 53b) were found to be incomplete and noisy, making them unsuitable for
accurately distinguishing between classes. Moreover, it is possible to observe that
the presented NIR data fusion approach (Figure 53c) is particularly suitable for

segmentation where water bodies correspond to equation 8 (Drusch et al., 2012).

NIR reflectance < 0.09

Furthermore, A3 (normals) eigenvalue (Figure 53d) is considered suitable for a
preliminary building class exclusion compared to LiDAR intensity and return
information. The threshold value is, in this case, given by the statistical distribution

analysis and is relative to the topology of this specific LIDAR dataset (9).

A3 = 0.1

In this specific case study, the integration of the NIR band and the employment
of a reduced number of geometric features for the unsupervised filter have allowed

effective results for the generation of a reference dataset.
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(a) Number of Returns

368.5
237.5

-

Data fusion NIR

Az normals (2.5 m)

Figure 53. Point cloud echo information, reflectance intensity, and newly calculated scalar field
comparison for geometrical and digital number filtering unsupervised segmentation. Number of Returns
(a). Intensity (b). Data fusion Near Infrared from Sentinel 2 band 8, 784 nm-899.5nm (c). A3 eigenvalue
(normals) calculated on 2.5 m radius (d) — credits (Cappellazzo et al., 2024b).
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4.2 Deep Learning Models for semantic segmentation and

object detection results

4.2.1 Spina Verde Park

As stated in Section 3.3.1, two DLMs were trained from the finally selected
TV-1C training dataset: Model 1 and Model 2. While Model 1 was trained using
the original resolution dataset, Model 2 is derived instead from a subsampled
dataset.

The DLM 1, trained with the RandLLA-Net architecture, stopped on the 25%
epoch after approximately seven hours, resulting in an overall accuracy of 92%
(Table 20). Considering the comparisons between ground truth and predictions of
each area and the results of individual classes, the sensitivity (Recall) of the ground
class appears lower than that of the vegetation class. At the same time, the
specificity (Precision) is higher, contrary to what happened with the use of
unsupervised filters (Table 19, see section 4.1.1). The visual results can also be
observed on the classified Validation dataset (Figure 54).

Table 20. Accuracy metric assessment of the DLM 1 with the RandLA-Net architecture. The

analyses are performed using the validation reference dataset.

Elapsed Time
Class Accuracy  Precision  Recall ~ F1 score
[hh:mm:ss]
Macro average 0.92 0.75 0.86 0.79 06:59:36
2 — Ground 0.91 0.77 0.91 0.83
5 - High

0.91 0.98 0.88 0.93
Vegetation
6 — Building 0.95 0.50 0.79 0.61
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RandLA-Net Architecture (original resolution data DLM)

B Ground [ Vegetation [ Building

Non Sub-sampled data Ground Thruth Non Sub-sampled data Predictions
(75 pts/m?) (75 pts/m?)

Figure 54. Ground truth comparison with prediction results on validation dataset of the trained
Model 1 with the RandLA-Net architecture — credits (Cappellazzo et al., 2024a).

Also, in class 6 (buildings), the results did not meet the desired expectations.
This is probably due to the limited number of points belonging to this class, and
although part of the training dataset is related to an urban area, this led to an
imbalance in the training data.

The DLM 2 (derived from the PointCNN architecture) finished the training
in approximately 27 hours at the end of the 25th epoch. As well as for Model 1,
Model 2 was then evaluated on the validation dataset (Figure 55). From the
evaluation metrics reported in Table 21, the ground class is more sensitive to over-
predictions, unlike class 5 (vegetation), which is generally under-predicted.

Table 21. Accuracy metric assessment of the trained DLM 2 with the PointCNN architecture. The

analyses are performed using the validation reference dataset.

Elapsed Time
Class Accuracy  Precision  Recall  F1 score
[hh:mm:ss]
Macro average 0.92 0.87 0.80 0.83 26:39:36
2 — Ground 0.92 0.94 0.95 0.95
5 — High Vegetation 0.96 0.53 0.62 0.57
6 — Building 0.92 0.87 0.80 0.83
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The metrics observed for the 'building' class are consistent with the results
obtained with model 1, highlighting that this class is generally not predicted
adequately in both cases. This is evident from the evaluation metrics — the lowest

among the considered classes in the case of both models predictions.

PointCNN Architecture (Sub-sampled data DLM)

M Ground Vegetation Building

Sub-sampled data Ground Thruths Sub-sampled data Predictions
(2 pts/m?) (2 pts/m?)

Figure 55. Ground truth comparison from prediction results on the trained DLM 2 validation dataset
with the PointCNN architecture — credits (Cappellazzo et al., 2024a).

An overall comparison of the results derived from the adopted approaches
(Unsupervised geometric filter vs. Deep Learning) (Table 22) shows that the
unsupervised filter method slightly outperformed the two DLMs in terms of
Accuracy and F1 score. This corresponds to the preliminary expectations, as the
state-of-the-art has shown that the effectiveness of geometric-based methods is
currently more efficient for this type of task than DL-based methods (Poux &
Billen, 2019). Moreover, the computational cost of the unsupervised filtering is
more effective in terms of elapsed time, as well as human and machine resources.

Furthermore, all the classification approaches have been tested using both
original resolution and subsampled datasets. The aim was to assess how differences
in terms of spatial resolution could affect the final classification results and,
additionally, evaluate the effectiveness of a DLM on a less dense point cloud. In
fact, open LiDAR datasets, such as those from Case Study 2, available from public

administration’s landscape-scale survey campaigns are generally less dense than the
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point clouds pertaining to Case Study 1. For this reason, it is thus necessary to
conduct further evaluations on sparser datasets to validate this method's suitability
and adaptability on a different case study where it is not possible to acquire ad hoc
datasets (as for the current dataset). The doctoral thesis thus underlines that the
significant results achieved using both original resolution and subsampled data are
characterized by the same order of magnitude, confirming how this methodology is
suitable for classifying point clouds with different densities.

Table 22. Comparison of point cloud classification approaches result on the validation dataset from

Case Study 1 (TV-10¢).

Unsupervised geometric filter RandLA-Net PointCNN
(Original resolution data) (Original resolution data) (Subsample data)
Accuracy F1 score Accuracy F1 score Accuracy F1 score
0.93 0.82 0.92 0.79 0.93 0.78

Although the state-of-the-art typically employs more eigenvalues for defining
class thresholds, the authors decided to use only the A3 eigenvalue (normal) and the
curvature geometric values. This approach has been followed to evaluate the
effectiveness of a classification based on the proposed method while simultaneously
reducing computational effort, considering the significant extent of the study area.
From the evaluation metrics, it is possible to observe the effectiveness of this type
of approach and witness the correct behavior of the predictive algorithm. However,
it should be underlined that the DL-based approach also led to adequate results. In
particular, the model derived from RandLLA-Net outperformed the one trained
from PointCNN architecture, as seen in Table 20, Table 21, and Table 22.

Still, the model was also evaluated on the four test areas (Figure 42, see section
3.3.1) using both original resolution and sub-sampled data in order to evaluate the
classification in different morphological and urban contexts. In this case, the aim
was to evaluate both the generalization capability of the model and the performance
in classifying data characterized by different resolutions and densities compared to

the training data.
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From Table 23 and Table 24, it becomes evident that the classification results
are more uniform in dense urban areas characterized by a balanced class distribution
(test area 1). In contrast, the classification model has not performed a valuable
generalization in areas with a more non-balanced class distribution. Of course,
better performance is correlated to the majority class. Moreover, these
considerations have been presented by the comparison of metrics analytics
supported by the visual inspection of Figure 57 and Figure 58. The analysis
demonstrates that the methodology, besides the improvement capability, is suitable
for application with sparser ALS datasets. In fact, open-access low-resolution
LiDAR datasets provided by Regional and National administrations could benefit
from the scalability of the presented approach, despite these not being acquired for

specific semantic classification purposes.
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DLM 1 (RandLA-Net) B Ground
Vegetation
Building
Ground Truth data Non-sub-sampled data predictions Sub-sampled data predictions
(75 pts/m?) (2 pts/m?)

Figure 56. Prediction results of Model 1 on 4 test datasets with RandL.A-Net architecture — credits
(Cappellazzo et al., 2024a).
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Table 23. Accuracy metric assessment of the trained Model 1 with the RandLA-Net architecture,
applied to four test areas. The metrics have been analyzed by comparing the adopted strategy for both

original resolution and sub-sampled data.

Original resolution data Sub-sampled data
Accuracy Precision Recall Accuracy Precision Recall
score score
Ground 0.69 098 0.81 0.65 097 0.78
High
Vegetation 0.48 0.47  0.47 0.49 0.48 0.48
! Building 0.96 0.68 0.80 0.94 0.68 0.79
Macro
0.78 0.71 0.71  0.69 0.75 0.69 0.71  0.68
average
Ground 0.95 0.57 0.71 0.88 0.54 0.67
High
Vegetation 0.57 0.76  0.65 0.74 0.78 0.76
2 Building 0.37 0.76  0.50 0.39 0.75 0.51
Macro
average 0.64 0.63 0.70 0.62 0.67 0.67 0.69 0.65
Ground 0.46 0.54 0.50 0.48 0.56 0.52
High
Vegetation 0.47 093 0.63 0.58 092 0.72
: Building 0.86 031 045 0.84 031 0.6
Macro
average 0.53 0.60 0.59 0.53 0.59 0.64 0.60 0.56
Ground 0.48 0.56 0.52 0.90 0.15 0.25
High
Vegetation 0.58 092 0.72 0.85 094 0.89
Building 0.84 031 0.46 0.03 0.24 0.05
Macro
average 0.59 0.64 0.60 0.56 0.78 0.59 0.44  0.40
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DLM 2 (PointCNN) M CGround
Vegetation
Building
Ground Truth data Non-sub-sampled data predictions Sub-sampled data predictions

(75 pts/m?) (2 pts/m?)

Figure 57. Prediction results of Model 2 on 4 test datasets with PointCNN architecture — credits
(Cappellazzo et al., 2024a).
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Table 24. Accuracy metric assessment of the trained Model 2 with the PointCNN architecture,
applied to four test areas. The metrics have been analyzed by comparing the adopted strategy for both

original resolution and sub-sampled data.

Original resolution data Sub-sampled data
Accuracy Precision Recall Accuracy Precision Recall
score score
Ground 0.73 098 0.84 0.69 0.60 0.64
High 0.55 052 0.54 0.19 090 0.32
Vegetation
! Building 0.98 0.75 0.85 0.97 033 0.49
Macro 0.83 0.75 0.75 0.74 0.48 0.62 0.61 0.48
average
Ground 0.91 035 0.51 0.96 031 047
High 0.96 0.60 0.74 0.79 0.86 0.82
Vegetation
2 Building 0.25 0.99 0.40 0.32 0.85 0.46
Macro 0.51 0.71 0.65 0.55 0.62 0.69 0.67 0.58
average
Ground 0.50 0.65 0.56 0.64 0.57  0.60
High 0.86 0.86 0.86 0.53 097 0.69
Vegetation
: Building 0.67 0.54 0.60 0.85 0.26 0.39
Macro 0.65 0.68 0.68 0.67 0.59 0.67 0.60 0.56
average
Ground 0.99 023 0.37 0.99 0.04 0.07
High 0.85 098 091 0.84 1.00 0.91
Vegetation
! Building 0.09 1.00 0.17 0.18 0.84 0.29
Macro 0.68 0.64 0.73 0.49 0.81 0.67 0.63 0.43
average
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4.2.2 Sardinia Defensive Landscapes

Semantic segmentation predictive models

As described in Section 3.3.2, a DL predictive model (DLM 3) for the semantic
segmentation of low-scale ALS point clouds has been trained, and it was completed
in 46 hours after 38 epochs. The model was trained and validated with reference
data pertaining to Area 1 (Figure 43). As shown in Table 25, the model achieved
excellent results in terms of Accuracy and Precision, while slightly lower and
improvable results have been observed for the Recall and F1 score metrics.

Table 25. DLM 3 predictive model validation results. The metrics of the table have been calculated
using the validation data from the training dataset (Area 1).

Class Accuracy Precision Recall F1 score
0 - Unclassified 0.95 0.78 0.29 0.42
2 - Ground 0.92 0.93 0.94 0.94
5 - High Vegetation 0.97 0.81 0.90 0.85
6 - Building 0.94 0.78 0.89 0.84
9 - Water 0.99 0.71 0.64 0.67
Macro Average 0.95 0.80 0.73 0.74

The lower overall metrics results are attributable to classes 0 and 9, which are
under-represented in the training dataset. In fact, the segmentation results on the
validation dataset for the most represented objects (ground, high vegetation, and
building) are slightly better than those for the remaining classes, as observed in Figure
58. Nevertheless, despite the overall good results, some limitations can be observed.
These include the over-prediction of the building class in flat ground areas and its
under-prediction on oblique or occluded surfaces. A general misprediction of small wall
objects pertaining to building class interests the unclassified points, while small
Mediterranean evergreen shrubs, which are difficult to distinguish from the ground,

are often under-predicted. Additionally, the water class also shows instances of under-
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prediction. In fact, the low values pertaining to the water are imputable to the low

representativity of the class in the training dataset.

RandLA-Net Deep Learning Model
Validation dataset (Case study 1)

B Unclassified M Ground [ Vegetation  Building B Water

Ground Thruth Predictions
(2 pts/m?) (2 pts/m?)

Figure 58. Predictive model training results. The model performance is evaluated using the validation
data from the Training dataset of Area 1 (Cagliari) — credits (Cappellazzo et al., 2024b).

Since the focus of the application of DL semantic segmentation methodologies
is on historical defensive contexts, it should be underlined that specific artifact
recognition is considered a challenging issue. In fact, the accuracy evaluation has
indicated that while the model is highly precise, there is a trade-off in its ability to

classify correctly relevant structures, particularly those that are partially eroded or
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obscured. In fact, the identification of fortification walls and bastions represents a
true limit where there is a lack of reference training data.

In order to analyze accurately the model behavior, four supplementary data
blocks from Case Study 2 (Figure 45) were selected to test the DLM performances.
The aim was to understand the model generalization capabilities with higher-scale
ALS point cloud datasets, describing areas with different urban and territorial
morphology.

The results of applying the semantic segmentation DLM on the test dataset
areas (5,6,7,8) have been analyzed and summarized in Table 26 (following page).
The metrics statistics successfully demonstrate the generalization capabilities of the
predictive model, although further improvements are still to be estimated.

Moreover, Figure 59 confirms, from a visual perspective, the excellent
generalization capability of the trained model in classifying higher-resolution
datasets from Area 2 (10 pts/m?). In the test areas, cases of under-prediction and
over-prediction are observable, similar to the validation dataset areas.

In this scenario, Deep Learning approaches for point cloud semantic
segmentation are thus confirmed as a valuable tool for the Heritage context, despite
the accurate identification issue of specific elements (e.g., bastions) should be

adequately addressed for future perspectives.
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Table 26. Predictive model test results. The metrics of the table have been calculated using the test
data 5, 6, 7, and 8 in Area 2 (Alghero).

Area Class Accuracy Precision Recall F1-Score
0 - Unclassified 0.99 0.71 0.58 0.64
2 - Ground 0.84 0.80 0.93 0.86
5 - High Vegetation 0.98 0.57 0.66 0.61
° 6 - Building 0.89 0.89 0.81 0.85
9 - Water 0.95 0.97 0.21 0.35
Macro Average 0.93 0.79 0.64 0.66
0 - Unclassified 0.97 0.78 0.53 0.64
2 - Ground 0.94 0.87 1.00 0.93
6 5 - High Vegetation 0.97 0.86 0.80 0.83
6 - Building 0.89 0.92 0.83 0.87
Macro Average 0.96 0.86 0.79 0.82
0 - Unclassified 0.99 0.98 0.30 0.46
2 - Ground 0.99 0.94 1.00 0.97
7 5 - High Vegetation 1.00 0.87 0.92 0.89
6 - Building 0.98 0.99 0.99 0.99
Macro Average 0.99 0.95 0.80 0.83
0 - Unclassified 0.99 0.97 0.58 0.73
2 - Ground 0.96 0.91 1.00 0.96
8 5 - High Vegetation 0.99 0.99 0.98 0.99
6 - Building 0.96 0.95 0.83 0.89
Macro Average 0.97 0.96 0.85 0.89
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DLM 3 (RandLA-Net)
B Unclassified ™ Ground M Vegetation M Building  Water

Ground Truth Predictions

Figure 59. Predictive model testing results. The model performance is evaluated using the test
datasets 5, 6, 7, and 8 of Area 2 (Alghero) — credits (Cappellazzo et al., 2024b).
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Deep neural detector for preliminary defensive artifact mapping

Concerning the object detection approach of historical defense architectures,
the semi-automatic labeling task effectiveness has been demonstrated, where 66 3D

bounding boxes have been generated (Figure 60).

= ( 3Dbounding box M Unclassified M Ground

Vegetation M Building
B Pole  Wire

Figure 60. Bounding box generation processing for reference data generation. The aim is to apply
3D Deep Learning for defensive heritage mapping. In this case, the three areas are focused on bunker

class objects — credits (Cappellazzo et al., 2024b).
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The object detection model has been trained by employing an entropy loss

function for training and validation datasets (10) (Good, 1952):

N
1
Loss = _NZ(Ytrue ! log (pi) + (1 - Ytrue)log(l - pi)
i

where /Vis the total number of observations, Yy is the binary indicator for
the correctness prediction for observation i, and p; is the probability of the
observation being in the correct class. Since a 3D detector should be evaluated by
taking into consideration classification and localization accuracy, the performance
of the model has been analyzed with the mean Average Precision (mAP) metric, as
described in (Wu et al., 2021).

However, from the training graph in Figure 61, it can be observed that the
calculation of the validation loss function was unconcluded throughout the batch
processing, demonstrating the difficulties of the model in effectively learning the
given task. Moreover, the localization and classification accuracies given by the
mAP metric were not applicable. The experimental result was yet predictable
because the number of bunker architectures—and thus of reference training data—

was not sufficient to train and validate any object-detection model.

Model mean Average Precision (mAP) =0
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Figure 61. Model validation graph, showing training and validation logarithmic loss functions during
epochs. While the training loss function decreases, validation loss is constantly flat — credits (Cappellazzo
et al., 2024b).
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4.3 Machine Learning Classifiers for anthropogenic shapes

classification

In order to assess the most effective classification technique for detecting the
anthropic shapes of the terrain, the MLCs outcomes have been analyzed for each
prepared geomorphological layer. According to the error-test pipeline, this step was
crucial to assess the suitability of the GMLs and to determine which one was the
most effective as primary data for classification. Moreover, another significant aim
was to evaluate the effectiveness of combining various geomorphological analyses

as an alternative to the use of individual bands.
4.3.1 Single geomorphological layers (GMLs) evaluation

An initial assessment of the evaluation metrics has been carried out for the RF
classifier in MLC-1b from Case Study 1, and the results are presented in Table 27,
where it is possible to observe that Hillshade GML is the best-performing one yet
the only one reaching sufficient metrics (all the observed values are approximately
>50%). As mentioned in the methodology section, the RF algorithm trained from
the approach in MLC-1a failed to adequately segment the processed data according
to the considered classes. This may be attributed to the lower number of labels
manually generated by the human operator according to the labeling strategy
followed in MLC-1a (Table 18).

The reduced number of training samples was thus insufficient to predict the
correct classes. In fact, following this strategy, all the pixels have been assigned to a
single class (terrain) without producing appreciable results regarding the
classification of the trails class. In this case, the second labeling strategy was the
only one that — balancing the number and the area of samples — enabled us to apply
the RF classification method successfully. However, as observable from the

comparison between the evaluation metrics reported in Table 27 and Table 28, the
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SVM classifier outperformed the RF approach. In fact, SVM results are
characterized by an average F1 score higher (+15%) than the one achieved with RF.

In particular, while Recall performance is comparable, an increase in overall

Accuracy (+19%) and Precision (+13%) has been observed.

Table 27. RF classifier: accuracy metric assessment for each GLM, tested on the training area MLC-
1b (Case Study 1).

Area Analysis Class Accuracy  Precision Recall F1 score
Terrain 0.75 0.98 0.75 0.85
Aspect Anthropogenic
0.75 0.12 0.75 0.21
forms
Terrain 0.95 0.97 0.97 0.97
Flow Direction Anthropogenic
0.95 0.41 0.40 0.40
forms
Terrain 0.97 0.98 0.99 0.98
Hillshade Anthropogenic
0.97 0.65 0.48 0.55
forms
1b
Terrain 0.80 0.98 0.80 0.88
Magnetic
Anthropogenic
North 0.80 0.14 0.71 0.23
forms
Terrain 0.56 0.97 0.56 0.71
Roughness Anthropogenic
0.56 0.06 0.64 0.11
forms
Terrain 0.58 0.98 0.57 0.72
Slope Anthropogenic
P pog 0.58 0.07 0.71 0.13
forms
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Table 28. SVM classifier: accuracy metric assessment for each GLM, tested on the training areas
MLC-1a and MLC-1b (Case Study 1). Continues on the following page.

Analysis Area Class Accuracy Precision  Recall  F1 score
Terrain 0.90 0.98 0.90 0.92
la Anthropogenic
0.90 0.27 0.59 0.37
forms
Aspect
Terrain 0.97 0.98 0.99 0.98
1b Anthropogenic
0.97 0.65 0.48 0.55
forms
Terrain 0.92 0.97 0.95 0.96
la Anthropogenic
0.92 0.30 0.44 0.36
forms
Flow Direction
Terrain 0.97 0.98 0.99 0.99
1b Anthropogenic
0.97 0.74 0.56 0.64
forms
Terrain 0.94 0.97 0.97 0.97
la Anthropogenic
0.94 0.35 0.33 0.34
forms
Hillshade
Terrain 0.97 0.98 0.99 0.98
1b Anthropogenic
0.97 0.70 0.49 0.58
forms
Terrain 0.89 0.97 0.92 0.94
la Anthropogenic
0.89 0.20 0.39 0.26
Magnetic forms
North Terrain 0.95 0.97 0.98 0.98
1b Anthropogenic
0.95 0.46 0.45 0.46
forms
Terrain 0.91 0.95 0.95 0.95
la Anthropogenic
0.91 0.10 0.10 0.10
forms
Roughness
Terrain 0.95 0.96 0.99 0.97
1b Anthropogenic
0.95 0.30 0.14 0.19
forms
Terrain 0.91 0.97 0.94 0.95
la Anthropogenic
0.91 0.27 0.46 0.34
forms
Slope
Terrain 0.93 0.97 0.96 0.96
1b Anthropogenic
0.93 0.23 0.28 0.25

forms
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Since the superior effectiveness of the SVM over the RF classifier has been
confirmed according to the approach adopted in MLC-1b, further analyses were
addressed. In particular, the performance of the two labeling strategies — applied to
the SVM method — have been compared. As expected, the training dataset
preparation strategy adopted for Area 2 slightly improves the classification results
in terms of performance. In this case, an improvement has been quantified in terms
of Accuracy (+5%), Precision (+14%), Recall (+3%), and F1 score (+9%). Contrarily
to the RF classifier, from the SVM results, it can be noted that several GMLs
reached sufficient metrics and, therefore, considered suitable for this kind of
classification, but again, only following the MLC-1b labeling strategy (Aspect,
Flow Direction, Hillshade).

4.3.2 Composite geomorphologic raster evaluation

Similarly to the analyses carried out in the previous section, the evaluation metrics
have also been compared to evaluate the employed classifiers and, specifically,
which composite raster performs better for the aimed classification task.
Considering the evaluation metrics reported in Table 29 and Table 30, it is
evident that the SVM classification results outperformed again the RF results. In
fact, while the Recall results are comparable, a significant improvement in terms
of Accuracy (+16%), Precision (+17%), and F1 score (+19%) has been observed
following the approach adopted in MLC-1b (Figure 49). From the evaluation
metrics reported in Table 29 — and from a visual inspection, as observable in
Figure 62 — it is evident that the RF classifier applied on the composite raster
datasets has been slightly less effective than SVM for detecting the pixels

belonging to the anthropogenic shapes class.

146



Chapter 4 — Results and discussions

Table 29. Accuracy metric assessment of RF classifier executed on each composite geomorphological

raster.
Area Analysis Class Accuracy  Precision Recall F1 score
Terrain 0.87 0.98 0.87 0.93
Composite a  Anthropogenic
0.87 0.20 0.67 0.31
forms
Terrain 0.72 0.99 0.72 0.83
Compositeb  Anthropogenic
0.72 0.12 0.83 0.21
forms
Terrain 0.85 0.99 0.85 0.91
1b Composite ¢ Anthropogenic
0.85 0.19 0.76 0.31
forms
Terrain 0.68 0.99 0.67 0.80
Composited  Anthropogenic
0.68 0.11 0.85 0.19
forms
Terrain 0.83 0.99 0.84 0.91
Composite e Anthropogenic
0.83 0.18 0.78 0.29

forms
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Table 30. Accuracy metric assessment of SVM classifier executed on each composite

geomorphological raster.

Analysis Area Class Accuracy  Precision Recall F1 score
Terrain 0.85 0.98 0.86 0.92
la  Anthropogenic
0.85 0.21 0.74 0.32
forms
Composite a
Terrain 0.95 0.98 0.96 0.97
1b  Anthropogenic
0.95 0.44 0.61 0.51
forms
Terrain 0.90 0.98 0.91 0.94
la  Anthropogenic
0.90 0.28 0.68 0.39
forms
Composite b
Terrain 0.95 0.98 0.96 0.97
1b  Anthropogenic
0.95 0.45 0.65 0.53
forms
Terrain 0.88 0.98 0.89 0.94
la  Anthropogenic
0.88 0.25 0.69 0.36
forms
Composite ¢
Terrain 0.95 0.98 0.97 0.97
1b  Anthropogenic
0.95 0.46 0.61 0.52
forms
Terrain 0.93 0.98 0.95 0.96
la  Anthropogenic
0.93 0.34 0.54 0.42
forms
Composite d
Terrain 0.96 0.98 0.98 0.98
1b  Anthropogenic
0.96 0.58 0.60 0.59
forms
Terrain 0.92 0.98 0.93 0.95
la  Anthropogenic
0.92 0.30 0.55 0.39
forms
Composite e
Terrain 0.96 0.98 0.98 0.98
1b  Anthropogenic
0.96 0.58 0.62 0.60

forms
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MLCs results comparison

Ground Truth data - MLC-1a Ground Truth data - MLC-1b
M Terrain
B Anthropogenic forms

0 50 m 100 m

SVM - Composite a - MLC-1a SVM - Composite a - MLC-1b RF - Composite a - MLC-1b

SVM - Composite b - MLC-1a SVM - Composite b - MLC-1b RF - Composite b - MLC-1b

SVM - Composite ¢ - MLC-1a SVM - Composite ¢ - MLC-1b RF - Composite ¢ - MLC-1b

SVM - Composite d - MLC-1a SVM - Composite d - MLC-1b RF - Composite d - MLC-1b

SVM - Composite e - MLC-1a SVM - Composite ¢ - MLC-1b RF - Composite ¢ - MLC-1b

Figure 62. Qualitative comparison of the MLCs on composite geomorphological raster — credits
(Cappellazzo et al., 2024a).

Specifically, RF results in the classification of composite images achieved
approximately comparable results, but overall insufficient, and lower than the single
layer classification (see Hillshade results in Table 27). In particular, the
Anthropogenic forms class is generally over-predicted, resulting in a high level of

noise after the classification task.

149



Chapter 4 — Results and discussions

Regarding the SVM approach, the labeling used in MLC-1a led to results
characterized by higher metrics. This is further supported by the visual inspection
of Figure 62, where it is evident that among the two approaches, this strategy
produced predictions with the lowest level of noise. However, a slight under-
prediction can be observed, as indicated by the relatively low Precision value, which
is always the lowest metric across all the other values. Generally, the data that led
to the best results adopting the SVM approach is the Composite e (Hillshade,
Hillshade, Aspect). This result is consistent with what was observed while analyzing
the classification task on the individual GMLs, where the bands that enabled the
achievement of better generalization were Hillshade and Aspect.

Contrarily, this does not apply regarding the RF approach, as the classification
carried out on the Hillshade GML produced only adequate results, effectively

outperforming the strategy based on the use of composite images.

4.3.3 Trained machine learning classification models

validation

Considering what has been analyzed so far and the achieved results, as

illustrated in the above section, two final models have been trained:

e Model RF: Random Forest algorithm. This model has been applied to
Hillshade GML

e Model SVM: Support Vector Machines algorithm. This model has
been applied to Composite e raster (Hillshade, Hillshade, Aspect).

This section aimed to evaluate the effectiveness of the MLCs trained models
in three test areas (A, B, C) (Figure 63) that differ from the area where the training
labels were extracted. Moreover, in each area, manual labels have been generated by

a human operator to provide ground truth data for assessing the classification and
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calculating the evaluation metrics. Subsequently, the input data have been classified

using both SVM and RF classification models.

Ras}er MLCs test areas

............

0 40 80 m
[JTerrain
[J Anthropogenic forms

Figure 63. Map of the test areas (A, B, C) location. The presence of heterogeneous features and

morphology characterizes the considered areas — credits (Cappellazzo et al., 2024a).

From Figure 64 and the analysis of the evaluation metrics (Table 31), it is evident
that the model exhibits a good generalization capability, as the results are coherent

with those achieved in the area where the training data were extracted.

151



Chapter 4 — Results and discussions

Random Forest Classifier M Terrain
B Anthropogenic forms

Hillshade - Test Area A Ground Truth - Test Area A Prediction - Test Area A

SRRy

Hillshade - Test Area B Ground Truth - Test Area B Prediction - Test Area B
K S e
> % =

Ground Truth - Test Area C Prediction - Test Area C

Figure 64. Prediction results of trained Random Forest model for Composite e raster on three test

areas — credits (Cappellazzo et al., 2024a).
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Table 31. Accuracy metric assessment of the RF classification model executed on three test areas.
The low Precision indicates a tendency of the model to mispredict the Trails class and a generally noisy

outcome. However, the main anthropogenic elements (Trails) have been adequately predicted.

Analysis  Area Class Accuracy Precision Recall F1 score
Terrain 0.82 0.96 0.84 0.90
A Anthropogenic
0.82 0.26 0.59 0.36
forms
Terrain 0.91 0.99 0.92 0.95
Hillshade B Anthropogenic
0.91 0.27 0.76 0.40
forms
Terrain 0.93 0.99 0.93 0.96
C Anthropogenic
0.93 0.21 0.74 0.33

forms

Concerning the model's performance derived from the SVM model, even in
this case, the results are comparable to the predictions achieved in the training area
(Table 32). Figure 65 reports the classified images related to the three considered
areas and, despite a slight under-prediction (in Test Area A) and relatively high
nose level — especially in Test Area C, where the interpretation of the anthropogenic
forms is more challenging due to the high steepness and roughness of the terrain —

the Trails have been detected with an adequate level of accuracy.

Table 32. Accuracy metric assessment of the SVM classification model executed on three test areas

Analysis Area Class Accuracy Precision  Recall  F1 score
Terrain 0.91 0.93 0.97 0.95
A Anthropogenic
0.91 0.40 0.19 0.32
forms
Terrain 0.96 0.99 0.97 0.98
Composite e B Anthropogenic
0.96 0.47 0.68 0.55
forms
Terrain 0.90 0.99 0.90 0.95
C Anthropogenic
0.90 0.15 0.68 0.24
forms
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Support Vector Machine Classifier M Terrain
B Anthropogenic forms

Composite e - Test Area A Ground Truth - Test Area A Prediction - Test Area A

A “\}} "\,,_\

Ground Truth - Test Area B Prediction - Test Area B

Ground Truth - Test Area C Prediction - Test Area C

Figure 65. Prediction results of trained Support Vector Machine model for Composite e raster on
the three test areas — credits (Cappellazzo et al., 2024a).

Throughout the pipeline observed previously, particularly regarding the two steps
preceding the training of Models SVM/RF, the evaluation metrics underlined a
general superiority of the SVM approach over the RF method. While evaluating
the performance of the Trail class in each step of the pipeline, it can be noted
from Table 33 that all the observed F1 score values are generally superior in the

case of the SVM classification.
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Table 33. MLC models comparison. Despite the SVM method outperforming RF in the first two

steps, the results of the final predictive models are substantially comparable.

F1 score Average F1 score Max F1 score Min
SVM RF SVM RF SVM RF
Single geomorphologic
£e8 phovos 0.45 0.27 0.64 0.55 0.19 0.11
analyses™

Geomorphologic composite* 0.54 0.26 0.59 0.31 0.51 0.19
Classification Models™ 0.37 0.36 0.55 0.40

0.24 0.33

* F1 score comparisons are calculated only from MLCs results from the Trail class

** The classification models are trained using the best resultant raster for each classifier. SVM: Composite e;
REF: Shaded visualization DTM.
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Conclusions and future perspectives

Considering the discussion that has emerged from the results of the
methodologies presented in the previous section, it should be underlined that the
integration of various proposed methodologies for CH knowledge and preservation
strategies provided valuable lessons and opportunities. The doctoral research
underlines the importance of combining diverse approaches, as well as critically
evaluating and analyzing the method from a multi-scale perspective. In fact, the
resulting insights pertaining to automating data structuring significantly contribute
to advancements for automation in RS data analysis and structuring and thus
support CH site conservation. Moreover, the topic of semantic classification and
detection discussed in the thesis also addressed the topic of user-oriented
approaches, demonstrating how graphical user interface software could represent a
valuable solution for heritage domain experts.

The Conclusion and future perspective chapter thus tries to summarize the
challenges and issues that this doctoral research aimed to overcome by specifically

analyzing four crucial different topics.
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The first topic is related to 3D primary data employment, where the
suitability of full-waveform high and low-scale LiDAR data for
semantic segmentation and D'TM generation is evaluated.

The second topic, which is also linked to the primary data evaluation,
provides an overview and future perspectives for the integrated
unsupervised and supervised DL methodologies for ALS data macro-
classification.

The third topic focuses on the outcomes and challenges in the
application of ML OBIA methodologies, which have been used for the
classification and, thus, mapping of anthropogenic landforms through
DTM analysis.

The fourth topic considers some critical concerns about the issues that
have been encountered in the LiDAR object-detection approach are
presented, focusing on possible future development strategies for this

research.

Finally, an overall consideration sub-section is necessary to summarize the main

advancements and shortcomings of this doctoral thesis.

5.1 Primary data evaluation

Regarding airborne LiDAR technology, it should be clear that previous

research works have underlined the suitability of full-waveform LiDAR sensors for

archaeological, heritage investigations, and semantic classification (Mallet et al.,

2011; Mazzacca et al., 2022). Specifically, this doctoral research demonstrates how

airborne LiDAR represents the most suitable technology to provide a better

description of the terrain morphology in the analyzed areas. In fact, while passive

image-based approaches are traditionally cost-effective for environmental surveys,
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they are limited in capturing areas with dense vegetation, thus preventing the digital
reconstruction of an accurate Digital Terrain Model. In fact, using a full waveform
ALS solution enables the penetration of the sparse vegetation and, consequently, is
more suitable in areas similar to the Spina Verde. However, it should be underlined
that the high costs of this type of sensor represent a significant issue when using
this technology in the framework of landscape heritage documentation.
Nevertheless, as introduced, this limitation can be overcome by the recent
development of low-cost UAS-based LiDAR technologies. These systems have
been increasingly used in recent years and can guarantee greater accessibility to this
type of sensor, ensuring sustainable data acquisition for geomorphological analysis
purposes. However, the penetration capabilities of these more compact solutions
are still being evaluated and validated in the literature (Kalacska et al., 2021; Wieser
et al., 2016).

While from Case Study 1 it has been demonstrated the suitability of full-
waveform LiDAR in heritage contexts, and despite recent advancements in remote
sensing technologies (Kélle et al., 2021), lower-density ALS data such as point
clouds from Case Study 2 has proven to be still effective for landscape heritage
monitoring. In fact, although those have been acquired for cartographic production
purposes, the application of DL methodologies for semantic segmentation

enhanced the automation for data structuring and accurate DHM generation.

5.2 Point cloud data structuring methodologies for

extended Landscape contexts

Starting from the outcomes of Case Study 1, the semantic enrichment of 3D
unstructured data represents a valuable opportunity to enhance automation in the

processes related to landscape and terrain morphology knowledge. Here, the results

158



Chapter 5 — Conclusions and future perspectives

obtained from the DL approach highlight how neural networks represent a valid
and powerful alternative to the more consolidated geometric unsupervised filter.
While the geometric-based filters are effective compared to the DL approach, they
are strictly dependent on the topography and the vegetation of each considered site,
as well as the urban and architectural morphology. Supervised methods, such as
NN-based methods, can achieve higher levels of abstraction and, consequently,
higher generalization capability, highlighting the significant perspectives associated
with using this technology.

Moreover, the supervised methods allow less generalized semantic classes to be
assigned, leading to more effective segmentation. However, it should be underlined
that artificial NNs require significant structured data for the training. Thus,
generating an adequately structured training dataset can be a time-consuming and
demanding bottleneck. Recently, this issue has been addressed, and several
solutions have been proposed to overcome the criticality represented by the
generation of the training dataset, for example, generating an artificial training
dataset (Patrucco & Setragno, 2023; Pellis et al., 2023), using open-source
benchmark datasets (Kolle et al., 2021; Varney et al., 2020) or exploiting pre-
trained NN for fine-tuning purposes (Han et al., 2021; Iman et al., 2023).
Generally, this research direction represents one of the main perspectives for future
application development.

Furthermore, the application of DL methodologies for Case Study 2
highlighted that integrating point clouds with satellite multispectral imagery data
is a valuable strategy to overcome the lack of information provided by point clouds
consisting only of coordinates. Still, it should be noted that enhancing the spatial
and radiometric resolution of free, open-source satellite data (Drusch et al., 2012)
remains a crucial issue where the necessity is to match the resolution of point cloud
data. In this research framework, the employment of high-resolution satellite

datasets can be considered, although the DL super-resolution approaches could
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represent a more innovative and valid further implementation, e.g. (Collins et al.,
2017).

Since this research aimed to test DL approaches for data structuring, it should
be clear that NN are widely explored but not yet fully established tools for heritage
domain applications (Matrone et al., 2020a; S. Yang et al., 2023). Thus, in Case
Study 2, the application of ML methodologies demonstrated how segmentation
predictive DLMs are a valuable approach for semantic structuring of ALS point
cloud data in a landscape heritage context. Moreover, despite the DLM being
suitable for extended applications, the model has been tested in areas that were
representative of the morphological and urban conformation of the case studies,
assessing its accuracy in these heritage contexts. In fact, the topic of transferability
represents a specific and considered issue that represents a concrete possibility of
further development as well. Specifically, it is crucial to investigate the
implementation of the most updated NNs in the semantic segmentation domain.
Specifically, neural networks such as SPT (Robert et al., 2023) leveraging
transformers architectures integration allow embedding segment-level descriptors
extracted from 3D point clouds, aiming to achieve efficient and accurate 3D
semantic segmentation. Moreover, since data structuring and labeling applications
are strictly dependent on primary data, methodologies such as transfer learning and
continuous learning are key insights to provide further advancements in the 3D
semantic data structuring domain. This is especially crucial for the CH domain,
where the lack of real-world data is not comparable to other application fields. In
this sense, the generation of synthetic data could certainly represent promising
further developments, at least considering the consistency of data. Still, the
variability of reference data will surely represent the main issue in semantic
structuring for built, archaeological, and landscape heritage domains.

Finally, starting from these considerations, the application of DL pipelines

should also be addressed by including the generation of shared and consolidated
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semantic ontologies by correlating point cloud geometries, as also suggested by

(Colucci et al., 2021).

5.3 ML OBIA methodologies for DTM grid

Concerning the traditional ML approach for the classification of anthropogenic
earthworks from the DTMs, instead of considering the raster-based classification
approach and evaluating the performances of the two MLC algorithms, as expected
(Maxwell et al., 2018), the methodology developed in this thesis addressed the
overall superiority of the SVM classifier compared to the RF classifier. However, it
is worth mentioning that both the employed MLCs represent an adequate approach
for developing automation solutions for the classification aims.

Moreover, it is worth emphasizing that the recognition of anthropogenic forms
characterized by a high level of granularity represents a challenging task not only
for supervised or unsupervised methods but also for traditional manual classification
operations performed by a domain expert image analyst. In the framework of this
type of landscape and urban-scale analysis, when a classification and detection task
is required, a significant imbalance between classes is not uncommon due to the
granularity of the features, as in the case presented in this thesis. In this regard, it
should be underlined that the effectiveness of unsupervised geometric filtering
methods is not affected by class imbalance, contrary to what happens in supervised
methods such as ML and DL. Balanced classes are preferable for supervised
approaches to obtain optimal results (Vargas et al., 2018). However, an imbalanced
distribution of class population can lead to difficulties in the interpretation of
metrics, as for classes composed of a limited number of samples, a few incorrect
predictions can heavily influence the values of evaluation metrics. In fact, despite

relatively low metric values (< 60%), upon visually inspecting the classified images,
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it is worth underlining that the classification models adequately detected and
classified the anthropogenic forms in the raster datasets.

Moreover, a reflection is crucial in training data preparation to generate the
minimum number of support vectors (IMaxwell et al., 2018). Since the aim of the
tested OBIA approach was to minimize operator manual activities, the proposed
methodology could represent a significant contribution to advancements in
enhancing automation for classification processes.

Finally, some considerations can also be addressed regarding the application of
OBIA methodologies to DSMs raster, aiming at the classification of specific
defensive heritage artifacts. In this sense, it can be said that this approach could also
be transferred to built heritage object classification, but in this case, there is the
necessity to enhance the time of human activity. Firstly, it is crucial to employ high-
resolution DSM data (GSD>50 cm) that can overcome difficult disambiguation
issues emerging from the classification of vertical structures. Subsequently, there is
the necessity to produce more training samples while enhancing human
involvement without training a transferable model. Thus, the preliminary test for
object-detection methodologies has been addressed to overcome this sensitively

crucial bottleneck.

5.4 NN detectors for LIDAR point clouds

Finally, concerning the preliminary tests addressed in Case Study 2 aiming at
the automatic detection of defensive and military artifacts, some considerations can
be made. Since it is crucial to establish a minimum threshold for data density and
accuracy, several issues have been overcome when investigating point cloud object-
detection approaches. In this research context, the employment of low-scale ALS

point clouds from Area 1 in Case Study 2 (2 pts/m?) has been declared not
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compatible due to the difficulty of recognizing specific elements from point clouds.
Moreover, due to the original defensive specific functions, most of these
architectural objects are not easily detectable using spaceborne or airborne imagery
products due to the designed camouflage characteristics. For this reason, further
developments of a DL object detection methodology exploiting existing LiIDAR
point clouds are considered a crucial future challenge.

Yet, it has already been stated in Section 2.1.3 that most DL methodologies
related to point cloud processing are mostly pertaining to robotics, autonomous
driving, and indoor modeling (Guo et al., 2021). Therefore, in CH and landscape
contexts, it is hard to address the most relevant issues of these approaches without
significant adaptations.

Specifically, the number of annotations required for training NN detectors is
considerably high, with a minimum of 70k bounding boxes (Huang et al., 2018), as
shown in Section 3.3.2. The limitations of the results from the first training
experiment conducted in Section 4.2.2 are particularly evident, as shown by the loss
functions and the non-calculable metrics (Figure 50). Due to the number of
available annotations (Table 3, see Chapter 3), this predictable result nonetheless
represents a starting point for overcoming the challenges inherent in 3D detection.
In this sense, preparing functions algorithms that allow the generation of synthetic
point cloud data and 3D bounding box labels by copying and transforming (e.g.,
translation, rotation) the original data is considered to be a valuable future
development. Therefore, it is thus crucial to integrate data augmentation strategies
(Hahner et al., 2020; Zhu et al., 2024) that will be investigated in future research

works.
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5.5 Final considerations

Lastly, it is necessary to overview the doctoral thesis by providing some final
evaluations regarding the advancements and shortcomings of this research.

Firstly, it should be underlined that already available data can assist heritage
conservation professionals and researchers in the preliminary investigation stage by
allowing the enhancement of the knowledge about sites before planning more
substantial and high-resolution data acquisitions. In particular, the employment of
open-access LIDAR low-scale data can help in the identification of areas of interest
and the refinement of spatial analysis, thus improving the efficiency of conservation
efforts. Yet, while leveraging available data from public administrations, it is crucial
to underline that this approach has some limitations. In fact, effectively checking
the availability and working with open-access datasets still requires theoretical and
technical expertise, as incompleteness or uncertainties in the available data can cause
difficulties in processing. In this sense, given the complexity of CH context and
sites, access to specialized knowledge and high-quality reference data is necessary
to maintain control of the automated processing.

In this framework, automation in spatial data processing has become a game-
changer in cultural heritage studies, especially for the complexities of big and
heterogeneous datasets. The present research explicitly focused on the integration
of machine learning and deep learning methods, significantly accelerating the
analysis and structuring of RS data. In fact, these tools improve the efficiency of
documentation and, thus, conservation plans by reducing the time and labor for
several tasks, including semantic classification, segmentation, and feature detection.
A critical advantage of automated systems that this thesis has confirmed is their
transferability among various heritage scenarios. Starting by applying standardized
and consolidated methodologies, the lessons learned from one case study can be

transferred to the other/s, fostering scalability in heritage data management.

164



Chapter 5 — Conclusions and future perspectives

However, the reliability of these automated approaches depends heavily on the
availability of high-quality reference datasets. Training ML algorithms or deep
NN requires consistent and precise data inputs to ensure accuracy, especially given
the unique complexities of the described cultural landscape contexts. In this
framework, this doctoral research has extensively clarified that the numerosity of
heritage artifacts or features and reference datasets is usually not compatible with
DL methodologies. In this sense, the study identifies these challenges and

highlights synthetic data generation as one of the possible solutions (Figure 66).
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In fact, synthetic data could complement real data or even replace it, allowing
generalization models that might be trained to complete and succeed in several
time-consuming tasks.

Moreover, a key advantage of this study was the leveraging of GUI GIS
software, which has simplified the management of both spatial data and predictive
models within a single software environment, enabling non-expert users to access
such tools. Specifically, user-friendly GIS and coding and library management
platforms (e.g., ArcGIS Pro, MATLAB, Anaconda) embed GeoAl toolboxes,

enabling both traditional machine learning and deep neural networks. These
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platforms support complete workflow within a single software environment, also by
the leverage of codes from open digital repositories such as GitHub. Nonetheless,
theoretical and methodological knowledge is again crucial for the development of
meaningful applications. In fact, such systems do not fully exploit the more actual
and contemporary research advancements for remote sensing data, thus requiring
deeper technical expertise.

Finally, it is clear that the integration of machine learning and remote-sensing
data has great potential for improving management and conservation at heritage
sites. However, as this research has pointed out, while GIS platforms with graphical
interfaces make these tools more accessible, they also limit the ability to exploit
state-of-the-art advances in the field. It is then still important that further
developments continue in the perspective of optimizing both the theoretical
frameworks and the practical methodologies. In fact, continuous research will surely
allow these technologies to be coherently and effectively applied, supporting thus

the conservation of cultural heritage.
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