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Abstract

Coastal sand dune ecosystems support unique plant diversity and provide essential ecosystem
services, yet they are among the most threatened ecosystems worldwide due to pressures from
urbanization, tourism, invasive alien species and coastal erosion. Thus, effective prioritization
of conservation efforts and robust monitoring methods are urgently needed. This thesis
investigates patterns of plant diversity and habitat distribution on coastal dunes by integrating
different approaches, from the analysis of field-collected vegetation data to remote sensing

techniques, with the goal of supporting coastal dune conservation.

In the first part of the thesis (Chapter 1), I aimed to identify conservation priority hotspots in
relation to an existing network of protected areas, focusing on the coastal dunes of Tuscany.
The analysis of a-, -, and y-diversity based on field-collected plant community data revealed
compositionally unique sites as priority sites for conservation. However, they were only

partially included within protected areas.

The second part of the thesis examined the potential of remote sensing techniques for coastal
dune habitat monitoring. Although these techniques provide broad spatial and temporal
coverage, their application to coastal dunes is challenged by the small and fragmented nature
of habitat patches relative to the spatial resolution of available imagery. To address this
challenge, I first aimed to provide an effective technique for habitat monitoring from satellite
data, by testing fuzzy approaches to image classification (Chapter 2). These approaches, which
assign pixels probabilities of belonging to multiple habitats, provided a more realistic

representation of vegetation patterns than traditional crisp approaches.

Subsequently, I explored the use of Convolutional Neural Networks (CNNs), a promising
technique that leverages both spectral and spatial information contained in images but still has
limited application in habitat mapping. In a pilot study (Chapter 3), I evaluated CNN
performance using spectral datasets with varying spatial resolutions, including Unmanned
Aerial Vehicles (UAV), airborne, Google Earth and WorldView-3 imagery. High spatial
resolution proved crucial for accurate habitat mapping, while additional spectral bands were

beneficial only for coarser data.

Finally, I extended the application of CNNs to multiple dune systems (Chapter 4). While UAV-

based models showed promising generalization between two pilot sites, the broad-scale
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application of CNNs to a large set of sites along the Italian coastline showed that the high

heterogeneity both in vegetation and imagery can limit transferability.

In conclusion, the integration of approaches based on field data and remote sensing proved
valuable for analyzing plant diversity patterns on coastal dunes, identifying conservation
priorities and providing effective monitoring methods. Future progress toward broad-scale
assessments will require further integration of multi-source, multi-scale and multi-temporal

datasets with advanced methodologies, to support the conservation of these fragile ecosystems.

Riassunto

Gli ecosistemi delle dune costiere supportano una diversita vegetale unica e forniscono servizi
ecosistemici essenziali; tuttavia, sono tra gli ecosistemi piut minacciati a livello globale, a causa
delle pressioni derivanti da urbanizzazione, turismo, specie aliene invasive ed erosione
costiera. Per tali motivi, sono urgentemente necessarie delle strategie efficaci per la
prioritizzazione degli interventi di conservazione e dei metodi di monitoraggio robusti. Questa
tesi indaga i pattern di diversita vegetale e la distribuzione degli habitat nelle dune costiere
integrando diversi approcci, dall’analisi di dati di vegetazione raccolti in campo a tecniche di

telerilevamento, con 1’obiettivo di supportare la conservazione delle dune costiere.

Nella prima parte della tesi (Capitolo 1), I’obiettivo ¢ stato quello di identificare gli hotspot di
priorita per la conservazione in relazione a una rete esistente di aree protette, concentrandosi
in particolare sulle dune costiere della Toscana. L’analisi di a-, §-, e y-diversita, basata su dati
sulle comunita vegetali raccolti in campo, ha permesso di individuare i siti unici dal punto di
vista composizionale come siti prioritari per la conservazione. Tali siti, tuttavia, risultavano

solo parzialmente inclusi all’interno di aree protette.

La seconda parte della tesi ha valutato il potenziale delle tecniche di telerilevamento per il
monitoraggio degli habitat delle dune costiere. Nonostante queste tecniche offrano un’ampia
copertura spaziale e temporale, la loro applicazione alle dune costiere ¢ ostacolata dalla natura
ridotta e frammentata delle patch di habitat rispetto alla risoluzione spaziale delle immagini
disponibili. Per affrontare questa sfida, ho innanzitutto puntato a sviluppare una tecnica
efficace per il monitoraggio degli habitat a partire da dati satellitari, testando approcci fuzzy
alla classificazione delle immagini (Capitolo 2). Questi approcci, che assegnano a singoli pixel
una probabilita di appartenenza a piu habitat, hanno fornito una rappresentazione piu realistica
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dei pattern di vegetazione rispetto agli approcci tradizionali.

Successivamente, ho esplorato 1’uso delle reti neurali convoluzionali (Convolutional Neural
Networks, CNNs), strumenti promettenti che sfruttano sia 1’informazione spettrale sia
I’informazione spaziale contenute nelle immagini, ma che hanno ancora applicazioni limitate
nella mappatura di habitat. In uno studio pilota (Capitolo 3), ho valutato le prestazioni delle
CNN utilizzando dataset spettrali con diversa risoluzione spaziale, tra cui immagini da droni
(UAV), Google Earth e WorldView-3. Un’alta risoluzione spaziale si ¢ rivelata cruciale per
una mappatura degli habitat accurata, mentre 1’utilizzo di bande spettrali aggiuntive ha prodotto

miglioramenti solo per i dati a risoluzione minore.

Infine, I’applicazione delle CNN ¢ stata estesa a diversi sistemi dunali (Capitolo 4). I modelli
basati su dati da drone hanno mostrato capacita di generalizzazione promettenti in due siti
pilota, mentre I’applicazione su larga scala delle CNN a un ampio insieme di siti lungo la costa
italiana ha evidenziato come 1’elevata eterogeneita sia nella vegetazione che nelle immagini

possa limitare la generalizzazione dei modelli.

In conclusione, I’integrazione di approcci basati su dati di campo e di telerilevamento si ¢
dimostrata efficace per analizzare pattern di diversita sulle dune costiere, identificare le priorita
di conservazione e fornire metodi di monitoraggio robusti. I futuri avanzamenti verso
valutazioni su piu ampia scala richiederanno un’integrazione ancora maggiore di dati multi-
sorgente, multi-scala e multi-temporali con metodologie di analisi avanzate, al fine di

supportare la conservazione di questi ecosistemi fragili.



Preface

This thesis investigates spatial patterns of plant diversity and habitats in the coastal sand dunes
of Italy, adopting different approaches, from the analysis of plant community data to the
application of remote sensing methods, with the ultimate aim of supporting the monitoring and

conservation of these ecosystems.

In the introduction, I provide an overview of coastal dune ecosystems in terms of their ecology
and main conservation issues. Then, I discuss two key research priorities for their conservation:
prioritizing conservation actions based on diversity patterns, and improving the effectiveness
of habitat monitoring, considering the opportunities and challenges posed by remote sensing

techniques in this context.

In the first chapter of the thesis, I focus on field-collected plant community data, carrying out
an analysis of a, [, and y-diversity at the regional scale, to identify compositionally unique

sites located both inside and outside protected areas.

In the second chapter, I explore the potential of satellite remote sensing for habitat mapping on
coastal dunes, testing whether non-traditional image classification approaches, in particular

fuzzy approaches, could better represent the variability in coastal dune vegetation.

In the third chapter, I further address the challenge of mapping the small and fragmented coastal
dune habitats by exploring the use of Convolutional Neural Networks (CNNs). As a pilot study,
I compare CNN performance across remote sensing imagery with varying spatial and spectral

resolutions.

In the fourth chapter, I expand on the previous work by assessing the applicability of CNNs
across multiple sites, first focusing on two pilot areas and then performing a test on the national

scale, assessing feasibility and limitations of this approach.

In the conclusions section, I synthesize the main findings of the thesis and outline future

research perspectives.
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General introduction

Coastal sand dune ecosystems

At the interface between terrestrial and marine environments lies the coastal area, a narrow
strip influenced by factors from both domains. Globally, over one third of the coastline is
represented by sandy beaches (Luijendijk et al., 2018). In conditions where there is a prevailing
onshore wind, a continuous supply of sand, and an obstacle such as vegetation to capture the
sand load, the beach can develop a dune system, which is highly dynamic and can have a variety
of shapes and sizes (Maun, 2009). Coastal sand dunes occur in almost all latitudes, in a variety
of climates and biomes (Martinez et al., 2008). In Europe, over 5,300 km? are covered by
coastal dunes (Delbaere, 1998).

Regardless of their location, coastal dune systems are characterized by harsh environmental
conditions in terms of soil moisture, salt spray, solar radiation, temperatures, organic matter
content (Maun, 2009). To cope with these natural environmental stressors, dune plant species
have developed unique physiological and morphological adaptations, such as salt resistance,
increased shoot and rhizome/stolon development to contrast sand burial, leaf hairiness,

succulence, C4 and CAM photosynthesis, fruit buoyancy (Hesp, 1991).

However, the intensity of environmental stressors changes markedly along the sea-inland
gradient, creating a high heterogeneity in micro-environmental conditions (Maun, 2009). For
this reason, sand dune vegetation tends to exhibit a zonation pattern, characterized by the
occurrence of discrete belt-like communities from the sea to the inland (Maun, 2009; Tordoni
et al., 2021). Indeed, plant communities change along the sea-inland gradient, both in terms of
species richness (Sperandii et al., 2019) and of species composition (Tordoni et al., 2018; Torca
et al.,, 2019). The main factors affecting this variation in the Mediterranean area are soil
parameters, which vary substantially along the gradient (Fenu et al., 2013) and are strongly

correlated to the distribution of plant species and communities (Angiolini et al., 2013, 2018).

Empirical evidence suggests that fine-scale ecological gradients are more important for plant
diversity patterns in coastal dunes rather than broad geographical ones. For instance, Torca et
al. (2019) found that dune vegetation along the Atlantic European coast primarily varies along

the sea-inland gradient, with embryo dunes hosting azonal vegetation, while mobile and fixed

1



dunes are also differentiated into biogeographical groups. Similarly, Honrado et al. (2010)
found that most variation in dune vegetation profiles in Portugal was due to ecological
conditions, rather than biogeographical gradients. Nonetheless, European coastal dune
vegetation shows differences between the Mediterranean region and the Atlantic-Baltic region

(Marceno et al., 2018).

This unique mosaic of plant communities within a limited space holds a significant
conservation value (Acosta et al., 2009). In addition, dune vegetation provides habitats for
multiple animal communities, such as butterflies (Rasino et al., 2024) and hymenopterans
(Koyama & Ide, 2020). Moreover, coastal dunes provide essential ecosystem services (Drius
et al., 2019), such as coastal defense from storms and erosion (Arkema et al., 2013), carbon

sequestration (Drius et al., 2016), and cultural services (Everard et al., 2010).

Threats to coastal dune ecosystems

The combined impacts of urbanization, tourism, invasive alien species and coastal erosion
make coastal dunes some of the most threatened ecosystems in Europe (Janssen et al., 2016).
In Italy, 88% of coastal sand dunes habitats are in a bad conservation status, while the
remaining 12% is in inadequate conditions, and the trend is deteriorating for almost 70% of

them (Prisco et al., 2020).

In the context of climate change, sea level rise is predicted to cause major shoreline retreats
worldwide, and almost half of the global sandy coastline could face severe erosion > 100 m by
the end of the 21% century under a high emission scenario (Vousdoukas et al., 2020). At the
same time, over 30% of the global sandy coastline (and 65% of the Mediterranean) is
“hardened”, i.e. greatly affected by the presence of anthropogenic structures, which limit the
natural dynamism and landward migration of beaches (Nawarat et al., 2024). The resulting
effect is the so-called “coastal squeeze” between the sea level rise and the expansion of

anthropized areas (Defeo et al., 2009).

Coastal dunes are also directly affected by coastal tourism, also in relation to big events
(Andriolo & Gongalves, 2023). Even if dune plants can tolerate a medium level of disturbance
(Pinna et al., 2019), indeed, a strong human trampling can reduce the diversity of dune plant
communities (Santoro, Jucker, Prisco, et al., 2012), while the presence of plastic litter on the

beach can affect the phenology of dune plants (Menicagli et al., 2019).
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Moreover, coastal dunes are highly susceptible to plant invasions (Lozano et al., 2023),
especially in sites close to human activities (Tordoni et al., 2021). Invasive alien species can
directly affect soil chemistry (Novoa et al., 2013) and locally alter the microclimate
(Kozhoridze et al., 2025), ultimately causing functional homogenization in dune plant

communities (Tordoni et al., 2019).

Research priorities for the conservation of coastal dune biodiversity

Considering the high rate of global biodiversity decline (Pimm et al., 2014), the conservation
of biodiversity meets multiple urgent challenges. These challenges can only be faced through
integrated strategies, by enhancing biodiversity data availability, improving the modelling of
environmental and biological processes, integrating management into conservation planning,
and setting conservation priorities (Wang et al., 2024). Moreover, analyzing the ecosystem
processes that support biodiversity rather than focusing on single species or habitats is

increasingly recognized as beneficial in spatial planning (Van Der Biest et al., 2020).

An important step in conserving biodiversity is considering the scale at which it is analyzed.
Biodiversity can be observed at multiple spatial scales, as patterns of species diversity from the
local (a-diversity) to the regional scale (y-diversity), and as the variation in species composition
among sites within a region (S-diversity) (Whittaker, 1960, 1972). Analyzing all the three
components is necessary to understand where species occur, whether regional species pools are
represented, and which sites should be prioritized (Belote et al., 2021), i.e. either those with

high species richness or those with high complementarity (Socolar et al., 2016).

One of the main instruments for conservation are protected areas, which should be designed to
ensure representativeness and persistence in order to promote the long-term survival of the full
variety of biodiversity (Margules & Pressey, 2000). However, protected areas are not always
effective (Watson et al., 2016), especially because climate change can cause shifts in species

distribution (Bellard et al., 2012).

In Europe, conservation efforts are mainly focused on guaranteeing biological diversity
through the preservation of habitats, flora and fauna. The key instrument to achieve this
objective is the Council Directive 92/43/EEC, hereafter Habitats Directive, which defines
habitats as “terrestrial or aquatic areas distinguished by geographic, abiotic and biotic features,

whether entirely natural or semi-natural”. The priority habitats at risk of disappearance are
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listed in Annex I and are required to be conserved across Member States. For this, protected
areas are established, creating the Natura 2000 network. Moreover, the Habitats Directive
mandates the monitoring (Art. 11) and regular reporting every six years (Art. 17) of the
conservation status of habitats, in terms of four main parameters, i.e., range, area, structure and
functions, and future prospects. Since most habitats are described based on vegetation, this

component is the main focus of conservation status assessments (Gigante et al., 2016).

Around 35% of coastal dune area in Europe is now protected by the Natura 2000 network
(European Commission, 2022), and more than 170 LIFE projects have targeted coastal dune
habitats from 1992 to 2015 (Silva et al., 2017). However, some critical issues in the
effectiveness of protected areas have been pointed out in particular in Italy, both in the present

state (Prisco et al., 2012; Sperandii et al., 2020) and in future projections (Prisco et al., 2013).

Since most conservation measures are based on in situ protection and are implemented through
spatial planning and site-based actions (Pressey et al., 1996), they require spatially explicit
information. Therefore, biodiversity maps have high practical value for monitoring, assessing
biodiversity policy targets, and guiding conservation efforts (Margules & Pressey, 2000).
However, it is important to note that maps are always selective and can never fully represent

the real world (Malavasi, 2020).

Mapping and monitoring methods for coastal dune habitats are not homogeneous across Europe
and often rely on expert assessments, jeopardizing the effective implementation of EU policy
(Delbosc et al., 2021). Traditional field-based mapping, in particular, is generally very accurate
at a small scale, but it is highly time-consuming and can be prone to inconsistencies (Naas et
al., 2023). Thus, it is important to develop methods that can be applied to greater spatial and

temporal scales.

Opportunities and challenges of remote sensing

Over the last four decades, remote sensing has become one of the most cost- and time-effective
tools to study biodiversity and ecosystems across space and time (Vanden Borre et al., 2011;
Torresani et al., 2024; Alvarez-Martinez et al., 2026). Remote sensing broadly refers to the
acquisition of information about objects through the measurement of emitted or reflected
electromagnetic energy. In ecological applications, passive remote sensing is most commonly

used and is mainly based on the differential absorption and reflection of solar radiation by
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surface materials across wavelengths (Richards, 2013).

The increasing availability of a variety of sensors and platforms, combined with the
development of image analysis techniques and machine learning, has opened new possibilities
in ecology and biodiversity conservation (Kerry et al., 2022). However, the application of these
tools remains constrained by sensor characteristics and data resolution (Corbane et al., 2015;
Kerry et al., 2022), as well as by the amount and quality of ground truth data (Alvarez-Martinez
et al., 2026).

Habitat mapping on coastal dunes presents specific challenges. First, habitat patches are
generally small and fragmented, requiring very high-resolution images so that pixel size is
smaller than the objects to map (Nagendra, 2001; Gamon et al., 2020). Second, vegetation
cover is often sparse, making the contribution of sandy soil background an important source of
interference with vegetation signal (Trotta et al., 2025). Ideally, remote sensing data for dune
habitat mapping should combine broad spatial and temporal cover, very high spatial resolution,
multiple spectral bands and free availability. In reality, such data do not exist, making trade-

offs unavoidable.

Satellite platforms offer the highest potential for broad-scale monitoring, for their regular
coverage of large areas over time (Mairota et al., 2015). However, most studies involving
satellite images on coastal dunes rely on free datasets such as Landsat and Sentinel missions,
which have global coverage but a medium spatial resolution which only allows coarse analyses
(Martin-Gallego et al., 2025). Indeed, these studies on coastal dunes mainly focused on land
cover (Timm & McGarigal, 2012; Latella et al., 2021), vegetation physiognomic formations
(Rapinel et al., 2014), or broad vegetation classes (Marzialetti et al., 2019, 2020). Commercial
very high-resolution satellites, such as QuickBird or WorldView, provide higher spatial detail
(up to a maximum of 0.30 m) and enable finer spatial analyses also on coastal dunes but are
constrained by high acquisition costs (De Giglio et al., 2017; Martin-Gallego et al., 2025). A
particular case is represented by Google Earth, as it provides free images from different
commercial satellites. Despite their spectral content being limited to RGB bands, these data
have been successfully used in combination with advanced image analysis methods in some

environments (Guirado et al., 2017; Watanabe et al., 2020).

Airborne platforms and, more recently, Unmanned Aerial Vehicles (UAVs) provide very high

spatial resolution data suitable for studying coastal dune ecosystems (Klemas, 2015). For
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instance, airborne data have been used for habitat mapping in England (Shanmugam et al.,
2003; Brownett & Mills, 2017), Denmark (Juel et al., 2013), and Italy (Bertacchi, 2017), while
UAYV data have been used for land cover mapping (Suo et al., 2019), monitoring of disturbances
through spectral vegetation indices (Andriolo & Gongalves, 2023), mapping of plant
communities (De Giglio et al., 2019; Agrillo et al., 2023; Cruz et al., 2023; Innangi et al., 2025),
mapping of typical dune species (Belcore et al., 2024) or detection of invasive alien species
such as Acacia saligna (Marzialetti et al., 2021) and Carpobrotus sp. (Innangi et al., 2023).
However, both airborne and UAV data are typically limited in spatial extent and temporal

continuity.

Concurrently with the increase in data availability, since the 2010s there has been a rapid
advancement in automated image analysis tools for the production of habitat maps (Alvarez-
Martinez et al., 2026). Machine learning algorithms, which are able to learn patterns from data,
are increasingly used in multiple ecological research fields, including species distribution
modelling, management optimization and image-based tasks such as habitat mapping and
species monitoring (Cipriano et al., 2025). In general, mapping methods can be broadly divided
in two groups: pixel-based approaches, which are suitable also for medium-resolution imagery,
and approaches that exploit the spatial context, which are only applicable to very high-
resolution data. In the first case, each pixel is generally assigned to a corresponding class,
indicating a specific land cover or vegetation type, through the classification process. However,
when pixel size exceeds the size of the class to map, alternative approaches that assign each
pixel to multiple classes can be more appropriate. This is the case of fuzzy classifications,
which are based on the long-known fuzzy set theory (Zadeh, 1965) and have been proposed
also for the study of landscape patterns (Rocchini, 2010), but are still rarely applied (Feilhauer
et al., 2021).

In the second case, when pixels are much smaller than habitat patches, it becomes useful to
consider also the spatial context. Convolutional Neural Networks (CNNs) are designed to
exploit such information by extracting high-level features, such as patterns and edges, from
low-level inputs, such as pixel intensity values (LeCun et al., 2015). CNNs have been shown
to improve classification accuracy for very high-spatial resolution data, even if the spectral
content is limited to RGB bands (Kattenborn et al., 2019). However, the application of CNNs
to habitat mapping is still at an early stage, requiring investigation of suitable spatial scales and

types of data to use (Alvarez-Martinez et al., 2026).
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General aims

Since coastal dunes are highly valuable yet threatened ecosystems, and multiple research gaps
exist in support of their monitoring and conservation, this PhD project aims to investigate
spatial patterns of plant diversity and habitats on coastal dunes by integrating complementary
approaches, from the analysis of field-collected plant community data to remote sensing

techniques, with three general aims.

The first aim is to identify conservation priority areas and assess the effectiveness of an existing
network of protected areas focusing on the coastal dunes of Tuscany (Chapter 1). Specifically,
I will analyze a large set of coastal dune vegetation data, with two objectives: 1) investigate
the spatial patterns of regional plant community diversity in coastal dunes to identify
conservation priority sites; and 2) assess the effectiveness of the existing network of protected
areas through the spatial distribution of conservation priority hotspots. This study will provide
an ecological baseline for the subsequent studies, shedding light on the main conservation
issues of coastal dunes, which can inform the development of remote sensing approaches for

identifying and monitoring hotspots of diversity and habitat distribution.

The second aim is to provide a novel and effective technique for remote habitat monitoring
from satellite data, by testing a fuzzy approach to classification (Chapter 2). Specifically, I will
use multispectral images from WorldView-3 satellite, to assess: 1) the efficiency of remote
sensing-based mapping of habitats classified with different systems; and 2) whether employing
a fuzzy approach improves the habitat mapping product compared to the traditional crisp
approach. Thus, this study will investigate the potential of satellite remote sensing and explore
whether its limitations, particularly in terms of spatial resolution, can be overcome through
non-traditional image classification approaches, while laying the groundwork for applying

more advanced techniques to higher-resolution data in subsequent studies.

The third aim is to assess the applicability of one of these advanced techniques, i.e., CNN-
based habitat mapping in coastal dunes. As a pilot study, I will compare the effectiveness of
CNN s across four remote sensing datasets with varying spatial resolutions and spectral bands
(Chapter 3). Subsequently, to support broader-scale monitoring and simulate real-world
applications, I will compare single-site and multi-site implementations of CNNs, first focusing

on two study areas and then performing a test at the national scale (Chapter 4).



Overall, this PhD project provides an integrated framework in which field-based analyses of
plant diversity and conservation priorities on coastal dunes progressively support the
development, testing and scaling of remote sensing-based approaches, ultimately improving
the spatial analysis of patterns of diversity and habitat distribution and the identification of

conservation and monitoring priorities for coastal dune ecosystems.
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Abstract

Effective conservation planning requires identifying priority hotspots to allocate resources. To
preserve biodiversity, it is crucial to consider a, £ and y-diversity and protect the irreplaceable
sites with high ecological uniqueness, which can host uncommon species assemblages that
would be lost if only species-rich sites were protected. Coastal dunes, hosting highly
specialized plant communities, are among the most threatened ecosystems worldwide. In this
study, we identified conservation priority hotspots to assess the effectiveness of the network of
protected areas in coastal dunes of Tuscany (central Italy), using data on plant communities
collected in 506 plots. We additively partitioned y-diversity in its @ and S components,
observing a significant variation at all spatial levels only for dune species. In terms of a-
diversity, we found that Northern protected sites were richer in dune species, while
synanthropic and alien species were equally present inside and outside protected areas of the
region. By partitioning the total f-diversity into its components (replacement and richness
difference), we found a prevalence of replacement for dune species, indicating the most unique
sites as the ones to favor for conservation. Unique sites were identified through Local
Contributions to Beta Diversity and their conservation value was determined by their species
composition and the relationship with landscape variables. Unique sites with high conservation
value were only partly protected, while some protected sites were altered and required
restoration. Our approach proved effective for identifying the most unique sites, indicating
some issues in the existing protected network, while providing valuable information on sites to

prioritize for future conservation actions.

Keywords: Beta-diversity, Biodiversity conservation, LCBD, Natura2000, Prioritization of

conservation, Replacement
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1. Introduction

Identifying conservation priority hotspots is fundamental for the maintenance of biodiversity
in an era of unprecedented global biodiversity decline (Pimm et al., 2014). The definition of
priorities allows to allocate the limited resources available in the most effective way and is a
key component of systematic conservation planning (Margules & Pressey, 2000), the most
influential paradigm in conservation (Kukkala & Moilanen, 2013), which overcomes the
opportunistic approaches that in the past led to uneven representations of natural features
(Pressey et al., 1996). However, multiple priority criteria can be adopted and can lead to

different results (Dubois et al., 2020; Belote et al., 2021).

Biodiversity can be measured at different spatial scales: a-diversity is the variation at the local
scale within a community, y-diversity is the overall variation at the regional scale, while /-
diversity is the variation among communities within a region (Whittaker, 1960, 1972).
Effective conservation strategies should extend beyond the conventional methodologies
centered on prioritizing biodiversity hotspots characterized by elevated species richness (a-
diversity). As elucidated by Socolar et al. (2016), it becomes imperative to embrace the guiding
principle of complementarity for the preservation of diversity at the regional scale: to prioritize
sites with complementary species compositions, a concept related to f-diversity. Hotspots of
species richness, indeed, do not necessarily host species with conservation priorities (Orme et
al., 2005), while some species-poor areas host species with high conservation value (Harper et
al., 2022). However, a certain degree of redundancy in the protected network is also necessary
for the persistence of biodiversity over time, to maintain species even in case of local

extinctions (Walker, 1995).

The analysis of f-diversity allows to understand the phenomena generating the patterns of
diversity and has significant implications in conservation planning (Legendre, 2014).
Following the approach developed by Legendre and De Céceres (2013), the total f-diversity of
a region can be estimated as the total variance of the community data and can be partitioned
into two components, namely species replacement and richness difference, which are
respectively described as the substitution of species in one site by different species in another
site, and the loss of species from one site to another. From the relative importance of the two
components in a region, indications for conservation planning can be derived: in landscapes

where richness difference is the dominant component of f-diversity, it is preferable to prioritize
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the most species-rich sites, while in the other case it is better to prioritize the most unique ones
(Socolar et al., 2016). The most ecologically unique sites in a region can be identified by
computing the Local Contributions to Beta Diversity (LCBD; Legendre and De Caceres, 2013),
and this approach has been recently adopted by some authors to select priority sites for
conservation, mainly for animals in freshwater habitats (Hill et al., 2021; Iacarella, 2022), but
to a lesser extent also for plant communities, in wetlands (Dubois et al., 2020), lakes (Heino et
al., 2022), forests (Tan et al., 2019), high-latitude ecosystems (Niskanen et al., 2017), and
agroecosystems (Fanfarillo et al., 2023). Understanding the drivers of site uniqueness is
important to plan conservation actions. However, the same drivers can affect site uniqueness
in different ways according to which ecosystem is studied and to which taxonomic group is
used to compute LCBDs. For instance, local environmental variables effectively explained the
variation in site ecological uniqueness using plant communities in forests (Tan et al., 2019;
Yao etal., 2021) and bird communities in agroecosystems (Garcia-Navas et al., 2022) but they
were weak predictors of LCBD variation using insect communities in streams (Heino &

Gronroos, 2017).

Coastal sand dunes are ecosystems of high conservation value (Acosta et al., 2009), located on
the narrow band at the interface between land and sea, where a strong environmental gradient
determines the presence of unique plant communities (Torca et al., 2019; Tordoni et al., 2019,
2021). Coastal dunes support highly specialized plant species, which are often rare or
endangered (Acosta et al., 2009), and provide fundamental ecosystem services (Drius et al.,
2019), including coastal defense (Arkema et al., 2013), carbon storage (Drius et al., 2016), and
recreation (Everard et al., 2010). However, they are nowadays among the most threatened
ecosystems in Europe, due to the impacts of urbanization, touristic pressure, spread of invasive
alien species and coastal erosion (Janssen et al., 2016). In Italy, 88% of coastal sand dunes
habitats are in a bad conservation status, while the remaining 12% is in inadequate conditions,

and the trend is deteriorating for almost 70% of them (Prisco et al., 2020).

Protected areas are essential tools for the maintenance of biodiversity, but their efficacy in
terms of habitat and species conservation is being questioned (Watson et al., 2016). A protected
area should meet two objectives: representativeness, as it should represent the full variety of
biodiversity, and persistence, as it should promote the long-term survival of biodiversity
(Margules & Pressey, 2000), which will be increasingly jeopardized by the effects of climate

changes (Bellard et al., 2012).
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In Italy, the network of protected areas along sandy coasts has been described as fairly
representative of the current distribution of dune habitats, and its efficacy has been predicted
to drop in the near future due to climate change, especially for the most vulnerable habitats in
mobile and fixed dunes (Prisco et al., 2013). Moreover, in a recent resurvey of the coastal dunes
of central Italy, the protection status showed no positive effect on habitat loss or trends of focal
and alien species over a period of 10 years (Sperandii et al., 2020). However, knowledge about
the role of protected areas at the Italian level is fragmented (Prisco et al., 2012), and recent
studies found substantial differences in the conservation status of dune ecosystems within the
protected areas of southern Tuscany (Landi et al., 2012; Sarmati et al., 2019; Bonari et al.,

2021).

To assess the role of protected areas in conservation, a common approach is to compare
biodiversity inside and outside protected areas (Gray et al., 2016). In coastal dunes, however,
the conservation value is not necessarily related to species richness: species richness varies
along the coastal zonation and even species-poor habitats can host endangered or rare elements
(Acosta et al., 2009). Moreover, plant richness and cover tend to be highest in sites with
medium disturbance, as was observed in a recent study in Sardinian dunes (Pinna et al., 2019).
Thus, in these ecosystems f-diversity could be a more useful criterion for the prioritization of
conservation. However, the approach based on f-diversity and LCBD has never been applied

on coastal dune plant communities to identify conservation priorities.

As pointed out by several authors, a complete understanding of the conservation status of
coastal dunes can only be obtained if the identity of species is taken into account and different
groups of species are analyzed separately, in addition to the overall pool (Del Vecchio et al.,
2016; Prisco et al., 2016). In particular, dune species, which are stenoecious species often
restricted to a specific zone of the dune (Angiolini et al., 2018), can serve as indicators of good
conservation status (Santoro, Carboni, et al., 2012). On the other hand, synanthropic species,
which are generally favored by anthropic disturbance, are generalist species that do not perform
the same functions of dune species, and thus can indicate a degradation of the dune systems
(Biondi et al., 2012). Similarly, alien species can directly affect dune habitats through
modifications of soil properties (Novoa et al., 2013) and functional homogenization (Tordoni

etal., 2019).

The aim of this study is to identify conservation priority areas and to assess the effectiveness
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of the existing network of protected areas in coastal dune ecosystems of Tuscany (central Italy).
Specifically, we will analyze a large set of coastal dune vegetation data collected in the region,
with the following main objectives: i) analyze the spatial patterns of regional plant community
diversity in coastal dunes to identify conservation priority sites; ii) assess the effectiveness of
the existing network of protected areas through the distribution of conservation priority
hotspots. These steps are of fundamental importance to search new areas to reach the objectives
of the 2030 European Strategy of Biodiversity that plans to arrive at the 30% of protected
territory in each country (EU Biodiversity Strategy for 2030. Bringing nature back into our
lives, 2020).

2. Methods

2.1. Study area

The study was carried out along the c. 200 km of sandy coasts of Tuscany (central Italy). The
climate is Mediterranean, with upper meso-mediterranean thermotype and ombrotype ranging
from lower humid in the North to upper dry in the South (Pesaresi et al., 2017). In this region,
coastal dunes are composed of Late Quaternary sand (Carmignani et al., 2013) and generally
occupy a narrow stripe, with a maximum extent of 300 m and a height < 10 m (Bertacchi,
2017). Different plant communities usually occur along a well-defined zonation, typical of
coastal dune systems, ranging from the annual vegetation of drift lines, through embryonic
shifting dunes, to white dunes, stable dune grasslands, coastal dune scrubs, and coastal dune
woods (Acosta et al., 2007). The anthropic pressure is uneven in the region: the Northern part
is highly frequented by tourists and urbanized, while the Southern part is generally better
preserved (Ciccarelli et al., 2014). The study area includes different protected areas, which are
partly overlapping (Fig. 1). In particular, there are eight Special Areas for Conservation (SACs)
included in the Natura 2000 network, namely “Dune Litoranee di Torre del Lago” (IT5170001,
43.828611 N, 10.253889E), “Selva Pisana” (IT5170002, 43.710278 N, 10.306389E), “Padule
di Bolgheri” (IT5160004, 43.224167 N, 10.544722E), “Tombolo da Castiglion della Pescaia a
Marina di Grosseto” (ITS1A0012, 42.743611 N, 10.942222E), “Dune costiere del Parco
dell’Uccellina” (IT51A0015, 42.636100 N, 11.073600E), “Pineta Granducale dell’Uccellina”
(IT51A0014, 42.653600 N, 11.048300E), “Laguna di Orbetello” (IT51A0026, 42.459722 N,
11.222500E), and “Duna del Lago di Burano” (IT51A0032, 42.398056 N, 11.372222E).

Moreover, there are two Regional Parks (the Migliarino-San Rossore-Massaciuccoli Park -
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provinces of Pisa and Lucca, and the Maremma Park - province of Grosseto), which partly
include some SACs within their boundaries, and three State Nature Reserves: “Tombolo di

Cecina”, “Tomboli di Follonica e Scarlino”, and “Duna Feniglia”.

Protection status
A In
e Out

Protected areas

|| Special Areas
for Conservation

|| Regional Parks

[ State Nature
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0 10 20km
]

Maps data ©€2024 Google / Data SI10, NOAA, U.S. Navy, GEBCO
Image Landsat / Copernicus

Fig. 1. Location of the surveyed sites in the study area. Image source: Google Earth 2024. Figure adapted
from the published version of Chapter 1 (colors modified).

2.2. Sampling design and data collection

Vegetation data were collected between 2018 and 2021 according to a stratified random
sampling design. Two bands were mapped along the Tuscan coast: band AB, including shifting
dunes (EUNIS habitat N14; Chytry et al., 2020) and stable dune grasslands (EUNIS habitat
N16), that could not be separated as they occurred in a fine-grained mosaic, and band C,
corresponding to coastal dune scrub (EUNIS habitat N1B). For each band, a number of squared
plots of 4 m? proportional to the surface was randomly launched (c. 0.7 plots/ha). Ad hoc plots
were added on the field to cover the community of sand beach drift lines (EUNIS habitat N12),
for a total of 506 plots (Table 1). In each plot, vascular plant species occurrence and abundance
(% cover) were recorded. Nomenclature follows the Portal to the Flora of Italy (2023). Plant
species were then classified into three classes according to FloraVeg.EU database

(www.floraveg.eu): dune species (i.e., occurring in the broad habitat “Coastal beach, dune or
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shingle”), synanthropic, and alien species.

2.3. Landscape metrics

To obtain a set of landscape metrics to use for assessing what drives the ecological uniqueness
of the communities, a landcover map was produced by photointerpretation of 20 cm resolution
orthophotos (GEOSCOPIO, 2022). A total of 11 landcover classes were mapped based on the
CORINE Land Cover nomenclature extended to the fourth level of detail: (1) artificial areas
(including urban fabrics, industrial units, roads); (2) beach resort facilities and camping; (3)
agricultural areas; (4) afforestation (coniferous reforestation with Pinus spp.); (5) mixed
coniferous-broadleaved forests; (6) Mediterranean maquis (woody dune vegetation); (7) semi-
natural woody vegetation (bushy vegetation with scattered trees represented by foredune
woodland degradation or forest regeneration/recolonization); (8) semi-natural herbaceous
vegetation (grasslands and meadows); (9) open sand (beach pioneer vegetation); (10)
herbaceous dune vegetation; (11) wetlands. Note that two of these classes correspond to the
bands used for vegetation sampling: herbaceous dune vegetation (EUNIS habitat N14 and N16)
and woody dune vegetation (EUNIS habitat N1B). Around each plot, a rectangular buffer of
300 m x 50 m, orthogonal to the coastline, was generated as in Malavasi et al. (2018). For each
rectangular buffer, a set of landscape metrics was computed: proportion of artificial landcover
(%ART), proportion of bathing facilities (%ARV), proportion of agricultural land (%AGR),
proportion of coastal wetlands (% WTC), minimum distance to the centroid of an artificial patch
(distART), minimum distance to the centroid of a bathing facility (distARV), Shannon index
of diversity of landcover types (LandShan), distance to the shoreline, dune width. Moreover,
slope was measured for each plot in the field. Landscape metrics were computed using QGIS
3.28.7 software (QGIS Development Team, 2022) and the R package l1andscapemetrics
(Hesselbarth et al., 2019).

2.4. Statistical analyses

To account for the different levels of anthropic pressure present in the region, the analysis was
conducted independently for the Northern and Southern sites. The promontory of Piombino,

situated midway along the coast of Tuscany, was delineated as the demarcation point.

For each plot the value of species richness was computed, and differences in mean species

richness between protected and non-protected areas were assessed through a Wilcoxon test,
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considering first the complete set of species and then the individual species groups (dune,

synanthropic, alien) separately.

The total p-diversity of the region was computed as the total variance of the community data
matrix, which can reach a maximum value of 1 (Legendre & De Caceres, 2013), and it was
partitioned into its two components, replacement and richness difference (Legendre, 2014),
both for the complete set of species and for the individual groups, using beta.div.comp function
in the R package adespatial (Dray et al., 2023). The significance of the three f-diversity
components (Total f-diversity, Richness difference, and Replacement) was tested against a null
model based on 1000 simulations. This model was obtained through non-sequential swapping
and shuffling of the real data matrix to preserve fill, column and row frequencies, as well as
either row or column sums. The commsim function (swsh_samp method) from the R package
vegan (Oksanen et al., 2022) was utilized for this purpose. p-values were then calculated
under the null hypothesis of no difference between the observed f-diversity component value

and values obtained randomly.

To get a deeper insight into the role of single sites in regional diversity, subsequent analyses
have focused on the complete set of species. The Local Contributions to Beta Diversity (LCBD)
were computed for each site and were tested for significance by 999 random permutations,
while Species Contributions to Beta Diversity (SCBD) were computed for each species, using
beta.div function in the R package adespatial (Dray et al., 2023). The relationship of
LCBD with landscape variables was investigated through a beta regression, which is a
modelling tool suitable for variables that assume values between 0 and 1, using the R package
betareg (Cribari-Neto & Zeileis, 2010). We used beta regression with logit link function to
model the relation between LCBD (response variable) and landscape metrics (predictors).
Correlation among predictors was checked through Spearman’s correlation, and a subset of
landscape variables was selected through a forward selection procedure, using function
forward.sel in the R package adespatial (Dray et al., 2023). This function performs a
forward selection by permutation of residuals under reduced model, which stops when either
the selected variables reach a set value (number of rows — 1 by default), the R2 or the adjusted-
R2 of the model exceed a threshold (0.99 by default), the p-value of a variable is higher than
alpha (0.05 by default), or the difference in model R2 with the previous step is lower than a
threshold (0.001 by default; Dray et al., 2023). Through this procedure, we selected three
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variables as predictors for the beta regression: distance from the sea, slope, and distance from
artificial surfaces. The variation explained by the beta regression model is measured through
the pseudo-R2, which assumes values between 0 and 1, and is defined as the squared correlation
coefficient between the linear predictor and the link-transformed response (Cribari-Neto &

Zeileis, 2010).

To understand the reasons why sites with significant LCBD (i.e., unique sites) were different
from the others, we analyzed the species composition of sites with significantly different LCBD
values through a Nonmetric Multidimensional Scaling (NMDS), based on a Bray-Curtis
similarity matrix derived from log-transformed species abundances. Landscape variables
having a significant correlation with NMDS axes were overlaid to the ordination plot using the
envfit function in the R package vegan (Oksanen et al., 2022). A NMDS with all sites was
also performed to understand the difference in species composition between the significant

LCBD sites and the others (Supplementary Materials, Fig. S2).

The total y-diversity of the region was partitioned across the spatial scales of analysis following
the additive partitioning approach (Lande, 1996; Gering et al., 2003; Crist et al., 2003), taking
into account first the complete set of species and then the individual groups of species. The
levels considered were: diversity within plot (apit), between plots (Bpiot), between localities
(Bsite), and between zones of the region (fnortvsouth). The significance of each level was tested
by 999 permutations, using the function adipart in the R package vegan (Oksanen et al.,

2022).

All analyses were performed using R 4.3.0 (R Core Team, 2023).

Table 1. Number of surveyed plots for each zone of the region inside and outside protected areas.

Zone Protection status Surface (ha) N° plots

North In 284.48 202
Out 134.28 97

South In 195.43 127
Out 112.99 80
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3. Results

A total of 192 plant species were found in the study area, of which 73 were classified as dune
species, 56 as synanthropic and 14 as alien. The most frequent species were Thinopyrum
Jjunceum (occurring in 42.68% of the plots), Juniperus macrocarpa (34.78%) and Helichrysum
stoechas (34.38%), which are all dune species. Among synanthropic species, the most frequent
were Cerastium glomeratum (12.25%), Anisantha sterilis (3.75%) and Dittrichia viscosa
(3.75%), while the most frequent alien species were Xanthium orientale (11.66%), Oenothera

sp. (3.75%) and Ambrosia psilostachya (2.37%).

Species richness was significantly higher inside protected areas than outside only in the
Northern part of the region (Fig. 2). In particular, this pattern emerged for the whole set of
species and for the dune species group, while no significant differences were found for the

other groups.
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Fig. 2. Values of species richness inside and outside of protected areas. Mean values were compared
with a Wilcoxon test (** p <0.01; * p < 0.05; ns = non-significant). Figure adapted from the published

version of Chapter 1 (colors modified).

The total p-diversity in the region was 0.47. For the whole set of species and for the dune
species group, the replacement was more prevalent (> 85%). Protected and non-protected areas

showed a similar pattern, while Northern and Southern sites differed only in terms of total /-
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diversity of synanthropic species, which was higher in the North (Fig. 3).
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Fig. 3. Partitioning of total f-diversity into replacement and richness difference, computed for the North
(a) and South (b) of Tuscany, considering all species together and the single groups of species separately,
and distinguishing sites inside and outside protected areas. Significance of f-diversity components was

tested against a null model (** p < 0.01; * p < 0.05; ns = non-significant).

Through the analysis of LCBD, a total of 42 sites with a significant contribution to the /-
diversity of the region were highlighted, of which 30 were located inside protected areas (Fig.
4). Generally, highest LCBD values were given by plots with low species richness (LCBD vs.
species richness: Spearman’s cor = —0.45, p < 0.05) mostly located in the herbaceous band.
The landscape variables computed to assess the relation with LCBD are reported in Table 2.
The beta regression explained a low proportion of the variation of LCBD (pseudo-R2 = 0.15),
but revealed a significant negative relation of LCBD with the distance from the shoreline and

the slope, and a positive relation with the distance to artificial surfaces (Table 3).
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Fig. 4. Local Contributions to Beta Diversity for the plots in the study area, calculated considering all

species together. Only the 42 plots with a significant LCBD value (p < 0.05) are shown, of which 30

are located inside protected areas and 12 outside. Image source: Google Earth 2024. Figure adapted

from the published version of Chapter 1 (colors modified).

Table 2. Summary statistics of the environmental and landscape variables computed for each plot.

Variable Mean Min-Max SD
Sea distance (m) 93.19 5.91-398.64 71.28
Dune width (m) 120.74 2.81-467.31 82.38
Slope (%) 2.94 0.00-25.00 7.90
%ART 0.35 0.00-32.75 2.47
%ARV 0.11 0.00-28.23 1.37
%AGR 0.32 0.00-36.32 2.39
%WTC 0.22 0.00-25.75 1.87
Distance to ART (m) 221.90 0.00-4143.70 468.17
Landscape Shannon 1.16 0.00-1.97 0.32
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Table 3. Results of beta regression analysis of LCBD with landscape variables (pseudo-R* = 0.15).

Estimate Std. Error z value Pr(>|z|)
(Intercept) -6.17 0.01 -570.26 <0.01
Sea distance -0.01 0.01 -7.51 <0.01
Slope -0.01 0.01 -3.75 <0.01
Distance to ART 0.01 0.01 4.08 <0.01

The NMDS ordination of the sites with significant LCBD (Fig. 5; stress = 0.04) showed that
species composition in these sites mainly vary along the sea-inland gradient, represented by
the first axis of the ordination, ranging from sites with salt-tolerant species of the drift lines on
the right (e.g. Cakile maritima, Salsola tragus, Convolvulus soldanella), to sites with scrub
species on the left (e.g. Pistacia lentiscus, Smilax aspera, Juniperus turbinata). The second
gradient in species composition is a gradient of anthropic disturbance: in the lower portion of
the ordination plot, where there is a higher proportion of artificial surface, sites are richer in
synanthropic species (e.g. Papaver rhoeas, Avena barbata, Anisantha sterilis). The analysis of
differences in LCBD between the North and the South of the region gave only slightly different
results, which are reported in Supplementary Materials (Fig. S3).

Fig. 5. Output of NMDS ordination, derived from Bray-Curtis similarity matrix based on log-

transformed species abundances, for the plots with significant LCBD values (stress = 0.04). Species

22



names (reported in Table S1) were abbreviated as follows: Achillea maritima (Ach_mar), Anisantha
rigida (Ani_rig), Anisantha sterilis (Ani_ste), Arenaria serpyllifolia (Are_ser), Asparagus acutifolius
(Asp_acu), Avena barbata (Ave bar), Cakile maritima (Cak mar), Calamagrostis arenaria subsp.
arundinacea (Cal_aru), Cerastium glomeratum (Cer_glo), Clematis flammula (Cle_fla), Convolvulus
soldanella (Con_sol), Convolvulus sp. (Con_sp.), Crucianella maritima (Cru_mar), Dittrichia viscosa
(Dit_vis), Echinophora spinosa (Ech_spi), Eryngium maritimum (Ery mar), Euphorbia paralias
(Eup_par), Euphorbia peplis (Eup_pep), Euphorbia peplus (Eup _pepl), Festuca fasciculata (Fes_fas),
Hypochaeris radicata (Hyp _rad), Imperata cylindrica (Imp_cyl), Juniperus macrocarpa (Jun_mac),
Juniperus turbinata (Jun_tur), Lagurus ovatus (Lag_ova), Lamium purpureum (Lam_pur), Lamium sp.
(Lam_sp.), Limbarda crithmoides subsp. longifolia (Lim_lon), Lonicera implexa (Lon_imp), Medicago
littoralis (Med _lit), Medicago marina (Med_mar), Myrtus communis (Myr_com), Ononis variegata
(Ono_var), Orobanche sp. (Oro_sp.), Pancratium maritimum (Pan_mar), Papaver rhoeas (Pap_rho),
Phleum arenarium subsp. caesium (Phl_cae), Pinus pinea (Pin_pin), Pistacia lentiscus (Pis_len),
Polygonum maritimum (Pol mar), Quercus ilex (Que ile), Rhamnus alaternus (Rha ala), Rubia
peregrina (Rub_per), Salsola tragus (Sal tra), Seseli tortuosum (Ses_tor), Smilax aspera (Smi_asp),
Sonchus bulbosus (Son_bul), Sporobolus pumilus (Spo_pum), Sporobolus virginicus (Spo_vir), Stachys
major (Sta_maj), Tamarix gallica (Tam_gal), Thinopyrum junceum (Thi_jun), Tripidium ravennae
(Tri_rav). Landscape variables having a significant correlation with NMDS axes, namely sea distance
(sea.dist) and proportion of artificial landcover (%ART), along with LCBD, were overlaid to the
ordination plot. Figure adapted from the published version of Chapter 1 (colors modified).

Values of SCBD are reported in Table 4. The species with the highest contributions to /-
diversity were Juniperus macrocarpa (0.14), Calamagrostis arenaria subsp. arundinacea
(0.09) and Thinopyrum junceum (0.06), which were also among the most frequent ones (SCBD
vs. species frequency: Spearman’s cor = 0.89, p < 0.05). Similar results were also obtained
when the analysis was performed separately for Northern and Southern sites (highest SCBD in
the North: J. macrocarpa 0.16, C. arenaria subsp. arundinacea 0.10, Pancratium maritimum

0.06; in the South: J. macrocarpa 0.14, C. arenaria subsp. arundinacea 0.08, T. junceum 0.07).
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Table 4. Species contributions to S-diversity (SCBD) and species frequencies (%) in the Tuscany
dataset, and SCBD values computed separately for the Northern and Southern parts of the region. The
species are ordered according to decreasing SCBD values and only the species with SCBD values higher

than the mean are reported.

Species SCBD Frequency SCBD SCBD
(%) (North) (South)

Juniperus macrocarpa 0.14 34.78 0.16 0.14
Calamagrostis  arenaria  subsp. 0.09 22.33 0.10 0.08
arundinacea

Thinopyrum junceum 0.06 42.69 0.06 0.07
Helichrysum stoechas 0.05 34.39 0.05 0.06
Pancratium maritimum 0.05 25.30 0.06 0.02
Cakile maritima 0.04 16.80 0.01 0.07
Eryngium maritimum 0.04 18.18 0.05 0.02
Anthemis maritima 0.03 15.02 0.01 0.06
Euphorbia paralias 0.03 20.55 0.04 0.01
Festuca fasciculata 0.03 32.21 0.03 0.01
Echinophora spinosa 0.03 19.96 0.03 0.02
Medicago marina 0.02 10.87 0.01 0.04
Achillea maritima 0.02 4.74 0.01 0.03
Medicago littoralis 0.02 32.41 0.03 0.01
Seseli tortuosum 0.02 18.97 0.03 0.00
Lomelosia rutifolia 0.02 11.26 0.03 0.00
Crucianella maritima 0.02 7.71 0.02 0.02
Ononis variegata 0.02 10.08 0.02 0.01
Pistacia lentiscus 0.02 9.09 0.00 0.03
Salsola tragus 0.02 16.01 0.01 0.03
Smilax aspera 0.01 16.80 0.01 0.02
Pinus pinaster 0.01 5.53 0.00 0.02
Sporobolus virginicus 0.01 12.06 0.00 0.02
Phillyrea angustifolia 0.01 8.10 0.00 0.02
Phleum arenarium subsp. caesium 0.01 13.44 0.01 0.00
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Lagurus ovatus 0.01 18.18 0.01 0.01

Convolvulus soldanella 0.01 10.08 0.01 0.00
Erica multiflora 0.01 4.15 0.00 0.02
Salvia rosmarinus 0.01 2.77 0.00 0.01
Silene canescens 0.01 15.22 0.01 0.00
Cerastium glomeratum 0.01 12.25 0.01 0.00
Hypochaeris radicata 0.01 6.92 0.01 0.00
Euphorbia peplis 0.01 7.31 0.01 0.00
Sporobolus pumilus 0.01 2.37 0.01 0.00
Silene otites 0.01 11.46 0.01 0.00

Finally, the results of the additive partitioning of y-diversity are represented in Fig. 6: for dune
species, all levels of analysis are significant, while for synanthropic and alien species only the

plot level is significant.
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Fig. 6. Contributions (%) of the a and S-diversity components to the total species richness of the study
area, for each protection status (inside/ outside protected areas) and each species group. Contributions
were determined through the additive partitioning approach (** p < 0.01; * p < 0.05; ns = non-

significant).

25



4. Discussion

Our approach has proved effective for identifying the most unique sites on a regional scale
relying on the analysis of S-diversity (Dubois et al., 2020; Hill et al., 2021; Heino et al., 2022).
By analyzing species composition and exploring the relationship between community
uniqueness and landscape variables, we were able to distinguish sites with a high conservation
value and prioritize them for protection. Moreover, analyzing the patterns of a-diversity and /-
diversity at the different scales, with different groups of species separately, we got a valuable
insight on the distribution of dune plant diversity with respect to protected areas, contributing

to the assessment of their efficacy in the conservation of coastal dunes of Tuscany.

In terms of species richness, in the North of the region protected sites are richer in dune species
than non-protected ones, while in the South the two areas show similar data. Touristic and
recreational activities, indeed, are particularly intense in the North, and are known to cause a
reduction of species richness in coastal dunes, especially where there is no protection (Santoro,

Jucker, Carboni, et al., 2012; Prisco et al., 2021).

Remarkably, the richness of synanthropic and alien species inside and outside protected areas
is similar. The synanthropic species tend to be more resistant to human-induced alterations than
dune plants, and in some cases they increase in altered sites occupying gaps unexploited by
dune species (Del Vecchio et al., 2015). The absence of a positive effect of anthropic
disturbance on the species richness of synanthropic and alien species could be due to the
extreme abiotic conditions of the coastal environment that limit non-specialized species, as
observed in other studies (Carboni et al., 2010; Malavasi et al., 2016). Moreover, this result
suggests that protection measures do not stop the entrance of species related to anthropic
disturbance in protected areas. Protected areas, indeed, are connected to their surroundings by
multiple ecological processes (Hansen & DeFries, 2007; Holenstein et al., 2021). In coastal
dunes, the surroundings can act as an introduction source for synanthropic species (Carboni et
al., 2011; Bazzichetto et al., 2018), and coastal dunes are indeed particularly prone to invasions
(Lozano et al., 2023). Thus, for conservation it is crucial to manage these ecosystems as a

whole, paying attention also to the surrounding landscape (Cox & Underwood, 2011).

Nonetheless, the total number of alien species found in Tuscany is low, in line with other
studies (Ciccarelli et al., 2014), and notably, some of the most widespread and harmful invasive

species, as Carpobrotus spp. (Carboni et al., 2010), were not found in the surveyed plots.
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The analysis of f-diversity can provide deeper information on the processes structuring plant
communities (Legendre & De Caceres, 2013). In this study, different patterns emerge
according to the group of species under investigation, independently of the protection status of
the areas. For dune species, the most important component of f-diversity is the replacement.
This result can be explained as the gain and loss of species occurring among the different
habitats of dune ecosystems (Legendre, 2014). Dune species generally have narrow ecological
ranges and particular ecophysiological adaptations (Angiolini et al., 2018). On the contrary,
the dominant component of S-diversity of synanthropic and alien species is richness difference,
suggesting that there is a limited pool of these species and that the differences among sites are
mainly determined by the loss of species, as was found also in other studies (e.g. Tordoni et

al., 2018).

The spatially hierarchical partitioning of y-diversity points out a similar situation: the diversity
of dune species is significant at all levels, indicating that there are ecological processes shaping
this community at different scales. On the other hand, for synanthropic and alien species, only
the plot level is significant, suggesting that their species pool is limited, and f-diversity can be

captured just by the variability between plots.

The prevalence of replacement for focal species has a consequence for conservation: it means
that for the conservation of this group of species it is preferable to protect multiple areas,
preferring the ones with the most unique sites, rather than to protect only the sites with the
highest species richness (Socolar et al., 2016; Carlos-Junior et al., 2019; Hill et al., 2021). High
LCBD values generically indicate sites with a high uniqueness with respect to the overall status
of the study area (Legendre & De Caceres, 2013), and therefore can indicate also sites subjected
to disturbance or characterized by peculiar ecological conditions (Dubois et al., 2020; Perez

Rocha et al., 2023).

In our study, high contributions to f-diversity were given by sites with low species richness, as
observed in many other studies (Heino & Gronroos, 2017; Dubois et al., 2020; Hill et al., 2021;
Perez Rocha et al., 2023). Moreover, LCBD had a complex relation with environmental factors:
it increased with increasing proximity to the shoreline, indicating that sites closer to the sea are
highly unique, but it also increased with decreasing slopes, which are generally characteristic
of the communities located at both extremes of the coastal zonation (Acosta et al., 2007). Also,

the positive relation between LCBD and distance to artificial surfaces suggests that ecological
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uniqueness can be reduced by anthropic disturbance, as observed also in other works (Garcia-
Navas et al., 2022). The low proportion of variation of LCBD explained by local environmental
variables is consistent with findings for stream insect assemblages (Heino & Gronroos, 2017)
and agricultural landscapes (Garcia-Navas et al., 2022), and could be due to the fact that
ecological uniqueness is linked to multiple communities across the coastal zonation rather than
specific environmental conditions. However, it is necessary to take into account the species

composition of the unique sites before drawing conclusions on their conservation value.

In this study, the ordination of the sites with significant LCBD showed that their uniqueness is
due to various reasons. Most of the unique sites are well-preserved aspects of coastal dune
vegetation, corresponding to different habitats along the sea-inland zonation. As these sites are
exceptions, the overall status of coastal dunes in Tuscany appears to be degraded, and
synanthropic species are indeed widespread throughout our study area. Interestingly, several
unique sites are covered by the pioneer vegetation of drift lines, a naturally species-poor habitat
characterized by highly specialized species like Cakile maritima, Salsola tragus, Convolvulus
soldanella (Prisco et al., 2012). As emerged from other works, this habitat is often in an
unfavorable conservation status (Bertacchi, 2017; Sperandii et al., 2019; Sarmati et al., 2019),
because it is highly vulnerable to tourism and mechanical cleaning (Attorre et al., 2013), while
being also sensitive to erosion (Bazzichetto et al., 2020). Nonetheless, our analysis also
revealed the presence of unique sites characterized by Calamagrostis arenaria subsp.
arundinacea, by Crucianella maritima, by dune grasslands, and by dune scrubs, suggesting
that there is not a single habitat to give priority to, and stressing the importance of conserving

the complete coastal vegetation mosaic (Acosta et al., 2009).

A similar indication emerges from the analysis of the SCBD. Indeed, the species contributing
the most to the regional f-diversity are Juniperus macrocarpa, Calamagrostis arenaria subsp.
arundinacea, Thinopyrum junceum, and Cakile maritima, which are the most representative
and the structural species of the main communities occurring in the coastal zonation (Acosta et
al., 2007). In addition, many of these species have high frequency in our dataset, and thus are
the ones varying the most in occurrence and abundance, as observed in previous studies (Heino
& Gronroos, 2017; Fanfarillo et al., 2023). Such results underline the importance of conserving

the whole dune zonation (Acosta et al., 2009).

Notably, some of the unique sites are not protected and thus particularly vulnerable, so these
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results can serve as a base to choose what areas should be included in the network of protection
(Dubois et al., 2020). The expansion of the network, however, would also require assessing the
current and future distribution of threats like urbanization, as was done recently by Doxa et al.
(2017). At the same time, our results also highlighted the importance of considering species
composition alongside LCBD analysis, separating dune species from synanthropic and alien
species. Indeed, high value of LCBD may indicate also sites rich in synanthropic species and
surrounded by a high proportion of artificial land, or altered in other ways, as two sites
particularly rich in Achillea maritima, a sub-nitrophilous species that is an indicator of dune
degradation when present with high coverage (Acosta et al., 2007). Remarkably, when these
sites are located inside protected areas, high value of LCBD can be also an indication on where

to address restoration efforts (Legendre & De Caceres, 2013).

5. Conclusions

Our approach proved to be effective for prioritizing coastal dune sites based on their ecological
uniqueness. The analysis of f-diversity allowed to identify new sites for conservation on a
regional scale and to assess the effectiveness of the existing network of protected areas by
analyzing their distribution. We observed some differences between protected and non-
protected areas, but these differences changed according to which type of diversity metric was
considered and which group of species was analyzed, suggesting that it is essential to consider
different groups of species separately and indicating the dune species group as the most

interesting to explore.

In the North of Tuscany, protected areas appear to be richer in dune species, while in the South
the overall situation seems more homogeneous. Definitive conclusions on the effectiveness of
protected areas for the conservation of coastal dune diversity cannot be drawn, also because
much depends on the initial state of the protected area (Sperandii et al., 2020), however our
results suggest that there are some unique sites with high conservation value which are not
protected and some protected sites with low level of conservation, raising the question of

whether the existing network of protected areas should be better assessed.

Potential future steps include extending the analysis to other aspects of diversity, such as
functional, phylogenetic or spectral diversity, to assess how appropriate the current network is
for the protection of them. Moreover, the scale of analysis could be expanded to include larger

areas, and, finally, the outputs of these analyses can be gathered to suggest new relevant sites
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to prioritize for protection giving an important contribution to the 2030 Conservation Strategy

of European Commission (2020).
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Abstract

Mapping habitats on coastal dunes, crucial yet highly vulnerable ecosystems, requires
objectivity and repeatability, which are still lacking in the implementation of the Habitats
Directive. Although remote sensing offers promising solutions, the effectiveness of
distinguishing habitats on coastal dunes from satellite imagery remains uncertain. In this study,
we compare crisp and fuzzy classification approaches using WorldView-3 imagery to map

coastal dune habitats in two Natural Parks of Tuscany (Italy).

Field-collected vegetation data were classified into Annex I habitats of Habitats Directive and
EUNIS habitats. Using field data as reference, we performed image classifications with a crisp
method (Random Forests) and three fuzzy methods, namely Random Forests, Spectral Angle
Mapper and Multiple Endmember Spectral Mixture Analysis. Metrics of overall accuracy and

Mantel tests were used to compare the results.

EUNIS habitats exhibited the best performance in terms of classification accuracy, likely due
to the simpler classification system. We observed a great disparity among habitats, with coastal
dune scrubs and white dunes generally achieving the highest accuracy. Fuzzy classifications,
despite yielding lower overall accuracy than crisp classification, provided a more realistic
representation of vegetation patterns, highlighting the inherent fuzziness of vegetation in
coastal dunes. Despite challenges related to image resolution and habitat heterogeneity,
combining satellite imagery with field surveys proved valuable for mapping coastal dune
habitats, contributing essential data to the conservation of these fragile ecosystems. We provide
a novel and effective tool, which will reduce the economic and physical efforts needed for

habitat search and sampling in the field.

Keywords: Coastal dunes, Fuzzy classification, Habitats Directive, Habitat mapping, Machine

learning, Remote sensing
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1. Introduction

Vegetation mapping and monitoring are essential for the study and conservation of biodiversity
(Reddy, 2021). In Europe, conservation efforts primarily focus on habitats, which in the
Habitats Directive are defined as “terrestrial or aquatic areas distinguished by geographic,
abiotic and biotic features, whether entirely natural or semi-natural” (Council Directive
92/43/EEC, hereafter HD). The HD lists priority habitats at risk of disappearance in Annex I
(hereafter Annex I habitats) and mandates their conservation across Member States, requiring
their conservation status to be monitored (Art. 11) and reported every six years (Art. 17). Since
the description of these habitats is predominantly vegetation-based, their conservation status is
typically assessed through vegetation features (Gigante et al., 2016). Specifically, maps of
habitat distribution are fundamental for monitoring the “area” parameter, which is necessary
for assessing conservation status according to the HD. However, the lack of clarity and
homogeneity in monitoring methods, which mainly rely on expert assessments, poses

challenges to the effective implementation of the HD (Delbosc et al., 2021).

The implementation of conservation measures is complicated by the existence and use of
several habitat classification systems (European Environment Agency, 2014). One of the most
widely used systems in Europe is the European Nature Information System (EUNIS), which
hierarchically classifies terrestrial and marine habitats (Davies & Moss, 1998), and serves as
the foundation for the European Red List of Habitats (Janssen et al., 2016). Since HD and
EUNIS are the two main habitat classification systems in Europe, we will refer to habitats from
both systems collectively as “EU habitats™ hereafter. In recent years, the EUNIS system has
been revised, incorporating updated criteria for habitat identification, so that it has become a

reference for harmonizing datasets and linking networks of experts (Chytry et al., 2020).

Coastal sand dunes are among the most threatened ecosystems in Europe (Janssen et al., 2016).
The ongoing pressures of urbanization, tourism and coastal erosion are increasingly
compressing dunes between the sea and human settlements (Defeo et al., 2009; Tordoni et al.,
2021). Invasive alien species pose a further threat to the integrity of these ecosystems (Tordoni
etal., 2019). These pressures have resulted in the poor conservation status of most dune habitats
(Prisco et al., 2020). Consequently, there is an urgent need for effective tools to monitor and

map these fragile habitats (Delbosc et al., 2021).

The mapping of coastal dune habitats presents significant challenges, primarily because these
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habitats occur in small patches, often with sparse vegetation cover (Prisco et al., 2012) and are
highly dynamic (Sperandii et al., 2018; Chelli et al., 2022). The poor conservation status of
coastal dunes can hamper habitat identification (Sarmati et al., 2019). In this context, remote
sensing techniques offer several advantages over field mapping for the realization of habitat
maps, including the capacity to cover large, even inaccessible areas in a cost-effective and
highly time-efficient manner (Vanden Borre et al., 2011) and to reduce the trampling produced
during field surveys, to which some dune species are sensitive (Santoro, Jucker, Prisco, et al.,
2012). Moreover, remote sensing techniques provide high objectivity and repeatability, key

features required for habitat conservation assessment (Delbosc et al., 2021).

In recent years, several studies have demonstrated the potential of remote sensing for the
detailed mapping of coastal dune habitats, primarily using data from aerial orthophotos (Juel
et al., 2013; Bertacchi, 2017), airborne spectrometers (Shanmugam et al., 2003; Brownett &
Mills, 2017), and unmanned aerial vehicles (Agrillo et al., 2023; Cruz et al., 2023). Satellite
sensors would also be well-suited for monitoring highly dynamic habitats such as coastal
dunes, thanks to their regular coverage of large areas over time (Mairota et al., 2015). However,
they pose greater challenges to their use due to their lower spatial resolution (Nagendra et al.,
2013; Bhatt & Maclean, 2023), so that there is still a knowledge gap in their effectiveness for
such purposes. The small size of habitat patches on coastal dunes constrains the grain of the
imagery used for mapping, as the pixel resolution of the images should ideally be smaller than
the objects being mapped (Nagendra, 2001; Gamon et al., 2020; Torresani et al., 2024).
Moreover, due to the low vegetation cover, variations in soil background interfere with the
vegetation signal (Prudnikova et al., 2019). In coastal dunes, the use of satellite data has been
predominantly focused on mapping study-specific typologies, such as land cover (Timm &
McGarigal, 2012), vegetation formations defined by physiognomy (Rapinel et al., 2014), or
broad vegetation classes (Marzialetti et al., 2019, 2020), while the extent to which EU habitats

can be distinguished remains uncertain.

Typically, mapping techniques rely on defining crisp classes and attributing individual objects
(pixels) to those classes. However, these crisp classification systems have notable limitations
in certain situations. One is when vegetation is better described by a continuum rather than by
discrete classes, as in ecotones (Rocchini et al., 2013). A second one is when, even if vegetation
classes are discrete, the map grain is so coarse that each object is a mixture of multiple classes

(Foody, 1996). In both cases, more realistic descriptions can be provided by fuzzy
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classifications (Shanmugam et al., 2006; Rocchini & Ricotta, 2007; Rocchini, 2010). Within
the framework of the fuzzy set theory, each object is assigned a probability of membership to
multiple classes (Zadeh, 1965), thereby enabling the representation of gradual transitions
between discrete classes and intermediate situations, phenomena that are common both in real
landscapes and in remotely sensed images (Lucas et al., 2002). Despite these advantages, fuzzy

classifications are seldom employed in vegetation mapping (Feilhauer et al., 2021).

Considering the high potential of satellite images for large-scale habitat mapping, in this study
we tested a fuzzy approach to classification for mapping coastal dune habitats using high
resolution satellite imagery, aiming at providing a novel and effective technique for remote
habitat monitoring. We compare the results of habitat mapping obtained using the HD (11
habitats for Italian dunes; Biondi et al., 2009) and level 3 EUNIS (5 habitats for Italian dunes;
Chytry et al., 2020) classifications. Specifically, we use ~1 m multispectral images from
WorldView-3, selected because dune habitats often occur in patches too small to be captured
by freely available, lower-resolution data like 10 m Sentinel-2, to assess: 1) the efficiency of
remote-sensing based mapping of habitats classified with different systems (HD and EUNIS);
2) whether employing a fuzzy approach improves the habitat mapping product compared to the

traditional crisp approach.

2. Materials and methods

2.1. Study area

The study was carried out in two Regional Parks along the coast of Tuscany (central Italy; Fig.
1): the Migliarino-San Rossore-Massaciuccoli Park (MSRM, centroid coordinates:
43.732968°N, 10.312429°E), in the north, and the Maremma Park (42.641538°N,
11.087048°E), in the south. The first study area partially overlaps with the Special Areas of
Conservation (SACs) “Dune Litoranee di Torre del Lago” (IT5170001) and “Selva Pisana”
(IT5170002), while the second study area partially overlaps with the SAC “Dune costiere del
Parco dell'Uccellina” (IT51A0015).

The climate is Mediterranean, with an upper meso-mediterranean thermotype and an
ombrotype ranging from lower humid in the North to upper dry in the South (Pesaresi et al.,
2017). In the region, coastal dunes occupy a narrow stripe, up to 300 m wide and 10 m high

(Bertacchi, 2017) and are primarily composed of Late Quaternary sand (Carmignani et al.,
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2013). Coastal dune systems support various plant communities arranged in a well-defined
zonation, ranging from annual vegetation of drift lines to embryonic shifting dunes, white
dunes, stable dune grasslands, and coastal dune scrubs and woods (Acosta et al., 2007). The
anthropogenic pressure is higher in the MSRM Park (mean population density = 66.28
people/km?) compared to the Maremma Park (41.89 people/km?; EUROSTAT, 2021).
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Fig. 1. Location of the study area in Italy (A), with indication of the two sites in Tuscany: Migliarino-
San Rossore-Massaciuccoli (MSRM) and Maremma Park (B). WorldView-3 true color composites for
the MSRM Park (C) and for the Maremma Park (D), including close-up views on some areas for

example.

2.2. Vegetation sampling

Field surveys were conducted between 2018 and 2021 using a stratified random sampling

design. The regional coast was divided into two bands: one encompassing shifting dunes and

stable dune grasslands, which occurred in a fine-grained mosaic, and the other representing

coastal dune scrub. Within each band, 4 m? squared plots were randomly selected in proportion

to the surface area (approximately 0.8 plots/ha). The plot size was selected in accordance with

other studies conducted on these vegetation types (Carboni et al., 2011; Sperandii et al., 2018).
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Ad hoc plots were established on the field to sample the annual vegetation of drift lines, which
was sporadic and thus barely detectable with the random plots. In total, we sampled 244 plots,
173 in MSRM Park and 71 in Maremma Park. Vascular plant species occurrence and
abundance (visually assessed percentage cover) were recorded in each plot. Species
nomenclature follows the Portal to the Flora of Italy (2023), containing updated data from
Bartolucci et al. (2018) and Galasso et al. (2018). The field data accuracy, influenced by GPS
precision (approximately 4 m), was improved by verifying plot positions on a 20 cm orthophoto
from the year 2019 (GEOSCOPIO, 2022). Plot data are included in the SALTISH dataset

(Gholizadeh et al., under review).

2.3. Habitat classification

The workflow followed to generate the habitat classification maps starting from field

vegetation data is illustrated in Figure 2.
Vegetation plots were classified into EU habitats using three independent approaches:

1. Expert classification: vegetation plots were classified into the habitats present in the Annex
I of the HD, based on an expert assessment of the habitats species composition as indicated
in the Interpretation Manual of European Union Habitats (European Commission, 2013)

and its Italian version (Biondi et al., 2009).

2. Unsupervised classification of the plots on the Chord-transformed species abundance
matrix using noise clustering. Noise clustering is a non-hierarchical clustering method that
assigns a cluster membership probability to each object based on its Euclidean distance to
cluster centroids, while also considering a noise cluster, which captures objects beyond a
certain distance from all other clusters (De Caceres et al., 2010). A tuning procedure was
applied to optimize three parameters: the number of clusters (nC), the fuzziness coefficient
(m; the smaller its value, the closer the classification will approximate crispness), and the
distance to the noise cluster (8). The noise clustering procedure was performed with the
vegclust function from the R package vegclust (De Caceres et al., 2010) and repeated
with various combinations of the parameter values, following Rapinel et al. (2018). After
determining the optimal parameter values (nC = 6, m = 1.6, 8 = 1.5), noise clustering was
performed to obtain the final clusters. Each cluster and the plots therein included that were

assigned only to that cluster were classified into one habitat following the HD system.
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3. Vegetation plots were classified into EUNIS habitats at level 3 following the EUNIS Expert
System (Chytry et al., 2020), using the R code implemented by Bruelheide et al. (2021).

In all the three cases, plots that could not be attributed to a single habitat were considered mixed
and excluded from the reference dataset for image classifications. Finally, for the groups
derived from each classification, we detected indicator species computing the Indicator Value
(IndVal) of each species, which is a measure of the association between a species and a group
of sites (Dufréne & Legendre, 1997), using the multipatt function from the R package
indicspecies (De Caceres & Legendre, 2009).

Expert-based
classification

Annex | habitats

Field-collected Habitat
vegetation data T cassification

Noise clustering Clusters

Expert System EUNIS habitats

Reference data

Random
partition
70% * 30% ]
Training data Validation data
WorldView-3 L Image Classified ma
images classification P A

L

Random Forest Random Forest Spectral Angle Spectral unmix Accuracy
(crisp} (fuzzy) Mapper (MESMA) assessment

Crisp approach Fuzzy approach

Fig. 2. Workflow of the analyses.
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2.4. Remote sensing images

Two multispectral WorldView-3 images were acquired: one on 26 May 2017 for the MSRM
Park and one on 16 May 2019 for the Maremma Park. Since no significant changes in
vegetation were observed within the area during the relevant timeframe, the temporal mismatch
between image acquisitions and field surveys was not expected to affect the results.
WorldView-3 data include one panchromatic band (center wavelength: 649 nm) bundled with
a multispectral image comprising eight spectral bands: coastal blue (427 nm), blue (482 nm),
green (547 nm), yellow (604 nm), red (660 nm), red-edge (723 nm), near-infrared 1 (824 nm),
and near-infrared 2 (914 nm). The images were delivered at the 3D-level of processing, i.e.
orthorectified, sensor-corrected and radiometrically corrected through dark offset subtraction
and non-uniformity correction (Kuester, 2016). The reported geolocation accuracy was < 3.0
m CE90, and the spatial resolution was 1.2 m for MSRM Park and 1.6 m for Maremma Park.
Due to these differences, the analyses were performed separately for the two images. For each
image, water bodies, artificial structures and agricultural land were masked using a pre-existing
land cover map produced by photointerpretation of a 20 cm orthophoto from 2019 (Sarmati et
al., 2025).

2.5. Image classification

Image classification was executed through two different approaches: crisp, in which each pixel

is assigned to a single class, and fuzzy, which produces a membership matrix for each pixel.

The crisp classification was performed using Random Forests, ensemble classifiers based on
independent predictions made by decision trees on bootstrap subsamples of training data, which
produce a final crisp assignment based on majority voting (Breiman, 2001). Random Forests
were selected due to their robustness to small training datasets, ability to handle correlation
among predictors and relatively low computational cost, making them one of the most powerful
and widely applied algorithms for image classifications (Maxwell et al., 2018). To assess the
generalization capacity, which can pose a challenge for machine learning classifiers, the field
reference dataset was randomly split into 70% for training and 30% for testing, ensuring that
testing data were not used in training. The number of trees was set to 500, while the mtry
parameter (i.e., the number of randomly selected variables used at each node) was optimized

through a 5-fold cross-validation.

For the fuzzy classification, three algorithms were compared: Random Forests, Spectral Angle
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Mapper (SAM) and Multiple Endmembers Spectral Mixture Analysis (MESMA). Here,
Random Forests were used in a fuzzy sense, by considering the proportion of trees predicting
a specific class for the pixel as the probability of the pixel belonging to that class. SAM
determines the spectral similarity between a pixel spectrum and a reference spectrum by
treating them as vectors in a space with dimensions corresponding to the number of bands and
calculating the angle between them, thus generating a fuzzy map where pixel values correspond
to spectral angles in radians (Kruse et al., 1993). The reference spectrum for each class was
obtained by averaging the spectral signatures of the plots assigned to that class. To convert the
spectral angles into probability values, each pixel value was subtracted from the maximum
value in the map and the resulting values were normalized, so that probabilities at each pixel
sum up to 1. The last algorithm utilized was MESMA, which models a pixel spectrum as a
linear combination of reference spectra (Roberts et al., 1998), producing a raster with one layer
for each endmember, where each pixel represents the estimated presence probability of the

endmember in that pixel.

The Random Forest crisp and fuzzy classifications were performed using the caret R package
(Kuhn, 2021). The SAM and MESMA fuzzy classifications were performed using the sam and
mesma functions from the R package RStoolbox, respectively (Leutner et al., 2024). The
resulting maps were represented with a color scale from the viridis package (Garnier et al.,

2023) to ensure their readability (Crameri et al., 2020).

2.6. Accuracy assessment

The accuracy of image classifications was assessed through the confusion matrix, from which
overall accuracy (proportion of correctly classified pixels), producer’s accuracy (proportion of
pixels of a class that are correctly classified), and user’s accuracy (proportion of pixels
classified into a class that actually belong to that class) were derived. For fuzzy classifications,
the fuzzy confusion matrix was constructed by extracting the probabilities of each reference

pixel and computing the average probabilities for each class (Zlinszky & Kania, 2016).

We assessed the information loss from vegetation data to classified maps by using multiple
Mantel tests (Mantel, 1967). For this analysis, we considered all 244 field-sampled plots,
including those not attributed to a single habitat. We tested the correlation between the
dissimilarity matrix of vegetation plots, computed using Euclidean distances on the Chord-

transformed species abundance matrix, and the dissimilarity matrix derived from predicted
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maps. To construct the latter matrix, we extracted the predicted class memberships for each
plot and calculated Euclidean distances among them. Mantel tests were performed with the
mantel function from the R package vegan (Oksanen et al., 2022), using 999 randomizations
and the Pearson correlation coefficient. The resulting Mantel R value, which ranges from 0 to
1, reflects the correlation between vegetation data and classified maps, with higher values
indicating a higher proportion of information preserved in the classification. A significance

level of 0.05 was adopted.

To obtain a spatially explicit measure of accuracy, maps of uncertainty were generated. For the
crisp classification, uncertainty was measured as the probability (number of votes) of the
assigned class. For fuzzy Random Forests and SAM, the Probability Surplus Index was used
to quantify the difference between the probability of the dominant and the second most
probable class (Zlinszky & Kania, 2016). For MESMA, we used the Root Mean Square Error
(RMSE), i.e., the difference between the original spectrum and the best-fit spectrum generated
from unmixed endmember proportions. For subsequent steps, we focused on the map from
fuzzy Random Forests. To investigate the drivers of spatial uncertainty, we compared this map
with a spectral heterogeneity map. Spectral heterogeneity was quantified by deriving the first
principal component from the original image and calculating the standard deviation in a moving
window of 7 x 7 pixels, using the focal function from the raster R package (Hijmans, 2023).
Additionally, we computed Rao’s Q index using the function paRao from the R package
rasterdiv (Thouverai et al, 2021), setting a moving window of 7 pixels and a

“multidimension” method.

Finally, to explore the spectral characteristics of plots classified as mixed and excluded from
the reference dataset, we performed a Principal Component Analysis on the spectral bands of
the complete set of field-sampled plots, using the function rda from the R package vegan

(Oksanen et al., 2022).

All analyses were carried out in R 4.3.2 (R Core Team, 2023).
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3. Results

3.1. Habitat classification

A total of 142 species were found across the 244 surveyed plots, with the most frequent species
being Helichrysum stoechas, Festuca fasciculata and Medicago littoralis (present,
respectively, in 53%, 48% and 43% of the plots). The mean total vegetation cover was 19.07%,

with the highest values observed in plots dominated by Juniperus macrocarpa (57.46%).

The classes resulting from the three types of habitat classification are reported in Table 1. The
expert-based classification attributed the plots to six Annex I habitats of coastal dunes (i.e.,
habitat 1210, 2110, 2120, 2210, 2230, and 2250, whose definitions are provided in Table 1,
with indicator species reported in Table S1 of the Supplementary Materials). Out of the 244
plots, 100 plots were considered as mixed (76 in MSRM Park and 23 in Maremma Park) and

excluded from the reference dataset.

Table 1. Classes resulting from the three types of habitat classification, with the description of the class
and the corresponding number of plots in the Migliarino-San Rossore-Massaciuccoli (MSRM) and the

Maremma Park (Mar). The last column reports the mean total vegetation cover of the 4 m2 plots for

each class.
.. # # Cov
Class Description MSRM Mar (%)
1210 Annual vegetation of drift lines 0 4 8.61
Annex I 2110 Embryonic shifting dunes 12 6 21.46
2120 Shifting c.lunes along the sboreline with ” 12 16.54
Ammophila arenaria (‘white dunes’)
2210 Crucianellion maritimae fixed beach dunes 15 6 15.48
2230 Malcolmietalia dune grasslands 5 0 10.21
2250 * Coastal dunes with Juniperus spp. 41 20  34.12
excluded - 77 23 -
Cl Community with Cakile maritima 11 9 5.59
clusters C2 Community with Thinopyrum junceum 14 9 24.97
C3 Community v‘vith Calamagrostis arenaria 29 14 1483
subsp. arundinacea
C4 Community with Helichrysum stoechas 22 9 10.88
C5 Community with Lomelosia rutifolia 31 0 9.85
C6 Community with Juniperus macrocarpa 52 24 3041
excluded - 14 6 -
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N12 Mediterranean and Black Sea sand beach 2 8 6.36

EUNIS N14 Mediterranean, Macaronesian and Black

" 4 2318,
(level 3) Sea shifting coastal dune 0 3 1859

NI6 Mediterranean and Macaronesian coastal 57 1 11.63
dune grassland (grey dune)

NIB lggfliltl)tenanean and Black Sea coastal dune 5 6 107.84

excluded - 68 23 -

Noise clustering resulted in six clusters, whose indicator species are in Table 2. A total of 20
plots (14 in MSRM Park and 6 in Maremma Park) were not assigned to a single cluster and

were therefore excluded from the reference dataset.

Table 2. Indicator species for the six clusters obtained from noise clustering.

Cluster Indicator Species IndVal p value
C1 Cakile maritima 0.63 0.01 *x
Achillea maritima 0.40 0.01 *x
C2 Thinopyrum junceum 0.82 0.01 *x
Echinophora spinosa 0.76 0.01 *x
Anthemis maritima 0.48 0.01 *x
Pancratium maritimum 0.46 0.01 *x
Convolvulus soldanella 0.40 0.03 *
C3 Calamagrostis arenaria subsp. arundinacea 0.94 0.01 *x
C4 Helichrysum stoechas 0.80 0.01 *x
C5 Lomelosia rutifolia 0.81 0.01 *x
Cerastium glomeratum 0.67 0.01 *x
Marcus-kochia ramosissima 0.58 0.01 *x
Anisantha tectorum 0.36 0.01 *x
Ambrosia psilostachya 0.36 0.01 *x
Equisetum ramosissimum 0.34 0.01 *x
C6 Juniperus macrocarpa 0.99 0.01 *x
Smilax aspera 0.65 0.01 *x
Rubia peregrina 0.61 0.01 *x
Pinus pinaster 0.41 0.01 *x
Rubus ulmifolius 0.38 0.02 *
Cistus creticus subsp. eriocephalus 0.32 0.02 *
Quercus ilex 0.32 0.03 *
Geranium purpureum 0.28 0.02 *
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Finally, EUNIS classification through the Expert System allowed plots to be assigned to four
coastal dune habitats (i.e., habitat N12, N14, N16, and N1B, whose definitions are reported in
Table 1 and whose indicator species are reported in Table S2 of the Supplementary Materials).
However, no attribution was possible for 91 plots (68 in MSRM Park and 23 in Maremma

Park), which were excluded from the reference dataset.

3.2. Image classification

The maps resulting from crisp and fuzzy Random Forest classifications are shown in Fig. 3 and
Fig. 4, respectively. The SAM and MESMA fuzzy classifications produced analogous results
to the fuzzy Random Forests and the corresponding maps can be found in Supplementary

Materials (Fig. S1 and S2).

A B C

Habitat

Habitat
1210

Habitat

= 20m - 20m = 20 m

Fig. 3. Close-up of the crisp Random Forest classified maps in a portion of the Maremma Park. The
represented classes correspond to expert-classified Annex I habitats (A), clusters obtained from noise

clustering (B), and EUNIS habitats (C).

The results of classification accuracy assessment are in Fig. 5. In terms of overall accuracy
(OA; Fig. 5A), the crisp approach produced higher values on average across the three habitat
classifications (mean OA = 0.58) than all the fuzzy approaches, namely Random Forests (mean
OA = 0.40), SAM (mean OA = 0.23), and MESMA (mean OA = 0.34). The only exception
was the fuzzy Random Forest classification of EUNIS habitats in Maremma Park, which
outperformed all other methods, achieving an accuracy rate of 0.90. Among the habitat
classifications, EUNIS produced the highest accuracy (mean OA = 0.49), followed by HD
(mean OA = 0.36) and noise clustering (mean OA = 0.32). Additionally, the Maremma Park
generally achieved higher accuracy (mean OA = 0.43) than the MSRM Park (mean OA =0.35).
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Fig. 4. Close-up of the fuzzy Random Forest classified maps in a portion of the Maremma Park. The
represented classes correspond to expert-classified Annex I habitats (A), clusters obtained from noise

clustering (B), and EUNIS habitats (C).

According to the Mantel R statistics (Fig. 5B), the biggest amount of information from the
vegetation plots was retained by the fuzzy Random Forest classification (mean R = 0.38),
followed by the crisp method (mean R = 0.36), and subordinately by SAM (mean R = 0.16)
and MESMA (mean R = 0.02). The latter was the only method that consistently produced non-
significant R values. The habitat classifications that preserved the highest degree of original
information were noise clustering (mean R = 0.30) and expert-based HD classification (mean

R =0.26), while EUNIS had the biggest loss of information (mean R = 0.14).
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Fig. 5. Values of overall accuracy (A) and Mantel R statistic (B) for the classified maps obtained from
different types of habitat classification and different methods of image classification, applied to the

Migliarino-San Rossore-Massaciuccoli (MSRM) and Maremma Parks.

There was a marked difference in the accuracy associated with individual classes, and this also
varied based on the classification method (Table 3). In most cases, the habitat of coastal dune
scrubs (i.e., Annex I habitat 2250, cluster C6, EUNIS habitat N1B) reached the highest user’s
and producer’s accuracy, followed by shifting dunes (i.e., Annex I habitat 2120, cluster C3,
EUNIS habitat N14). Very low accuracy values were observed for the vegetation of drift lines
(i.e., Annex I habitat 1210, cluster C1, EUNIS habitat N12), embryonic dunes (i.e., Annex I
habitat 2110, cluster C2), and grasslands on fixed dunes (i.e., Annex I habitats 2210 and 2230,
clusters C4 and C5, EUNIS habitat N16). Moreover, both user’s and producer’s accuracy were
higher for each habitat in crisp compared to fuzzy classifications and were generally higher for

EUNIS than for the other types of habitats.
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Table 3. User’s and producer’s accuracy resulting for each class from each type of habitat classification

and image classification, namely Random Forests (RF), Spectral Angle Mapper (SAM) and Multiple

Endmember Spectral Mixture Analysis (MESMA), for the Migliarino-San Rossore-Massaciuccoli Park

(MSRM) and for the Maremma Park (Mar).

User’s accuracy

RF crisp RF fuzzy SAM MESMA
Class MSRM Mar MSRM Mar MSRM Mar MSRM Mar
1210 - NA - 0.05 - 024 - 0.57
2110 0.50 0.00 0.39 0.17 0.21 0.20 0.32 0.00
Annex 1 2120 0.29 0.75 0.25 0.27 0.20 0.21 0.18 1.00
2210 0.17 0.00 0.20 0.18 0.20 0.21 0.10 0.00
2230 NA - 0.16 - 0.21 - 0.43 -
2250 0.82 0.83 0.45 042 0.22 0.24 0.33 0.37
Cl1 0.00 1.00 0.20 0.75 0.18 0.25 0.32 0.67
C2 0.00 0.00 0.18 0.10 0.17 0.20 0.00 0.03
C3 0.22 1.00 0.15 047 0.17 021 0.12 0.51
clusters
C4 0.20 0.20 0.15 0.31 0.17 0.21 047 0.44
C5 0.42 - 0.29 - 0.17 - 0.61 -
Co6 0.53 0.67 0.27 0.35 0.18 0.21 0.35 0.19
N12 NA 0.67 0.41 0.92 0.30 0.31 0.64 0.11
EUNIS N14 0.67 0.80 0.24 0.79 0.26 0.28 0.40 0.11
(level 3) N16 0.72 0.67 0.35 091 0.26 0.28 045 0.18
N1B 0.00 1.00 0.80 1.00 0.30 0.34 0.54 0.03
Producer’s accuracy
RF crisp RF fuzzy SAM MESMA
Class MSRM Mar MSRM Mar MSRM Mar MSRM Mar
1210 - 0.00 - 0.01 - 023 - 1.00
2110 0.33 0.00 0.25 0.15 0.21 0.21 0.64 0.00
Annex I 2120 0.33 1.00 0.35 0.39 0.20 0.21 0.07 0.06
2210 0.25 0.00 0.25 0.10 0.20 0.21 0.05 0.00
2230 0.00 - 0.06 - 0.21 - 0.03 -
2250 0.75 0.83 0.60 0.79 0.21 0.24 0.69 1.00
Cl1 0.00 0.50 0.11 0.40 0.18 0.23  0.66 0.86
C2 0.00 0.00 0.08 0.06 0.17 0.21  0.00 0.00
clusters C3 0.25 0.75 0.21 0.39 0.17 0.21 0.25 0.37
C4 0.17 0.50 0.14 041 0.17 0.22 0.02 0.23
C5 0.56 - 0.31 - 0.17 - 0.21 -
C6 0.53 0.57 0.43 0.58 0.17 0.21 047 0.51
N12 0.00 1.00 0.02 0.84 0.30 0.30 1.00 0.14
EUNIS N14 0.67 0.67 0.48 0.85 0.27 0.28 0.31 0.06
(level 3) N16 0.76 0.67 0.58 0.96 0.27 0.29 0.09 0.23
N1B 0.00 1.00 0.24 0.96 0.28 0.33 0.78 0.03
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Maps of spatial uncertainty in the fuzzy Random Forest classifications for two sample areas
are shown in Fig. 6, alongside maps of spectral heterogeneity computed as standard deviation.
Since the other measures of uncertainty and heterogeneity produced similar results, the
corresponding maps are provided in Supplementary materials (Fig. S3-S5). Generally, areas
with higher spectral heterogeneity (typically located at the interfaces between herbaceous and
shrub vegetation) exhibited a higher level of uncertainty in image classifications, and vice
versa.
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WorldView-3 Satellite Imagery © 2023 Maxar Technologies Collected by European Space Imaging

Fig. 6. Close-up of two areas: one more heterogeneous in the Maremma Park (A-C), and the other more
homogeneous in the Migliarino-San Rossore-Massaciuccoli Park (D-F). For each area, a WorldView-3
true color composite is represented (A, D), along with a map of spectral heterogeneity (B, E) compared
with a map of classification uncertainty (C, F). The former was calculated as the standard deviation of
the first principal component of the image, while the latter was computed as the probability surplus

index from the fuzzy Random Forest classification of Annex [ habitats.

The results of the spectral PCA are shown in Fig. 7 for the Maremma Park and in Fig. S6 for
the MSRM Park. Overall, plots assigned to different habitats based on vegetation data are
grouped into distinct portions of the spectral PC space, although there is some overlap,
especially between habitats of the embryonic and shifting dunes. Most plots designated as
“mixed” based on vegetation data are situated in the central regions of the PC space and are

assigned low habitat membership probabilities by the fuzzy classification.
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Fig. 7. Principal component analysis of the field-sampled plots on coastal dune habitats in the Maremma
Park based on their spectral characteristics. Plots are represented with different shapes depending on
whether they are identified as pure or mixed according to vegetation data, and are colored according to
their probability of membership to each habitat as resulting from the fuzzy Random Forest classification
for Annex I habitats (A), noise clusters (B) and EUNIS habitats (C). In each biplot, the red polygon

indicates plots identified as belonging to a specific habitat based on vegetation data.

4. Discussion

Our study demonstrates for the first time the effectiveness of fuzzy classifications for mapping
coastal dune habitats based on satellite imagery. We applied our approach to the two main
habitat classification systems used in Europe for conservation purposes, i.e., HD and EUNIS,
and found that EUNIS habitats can be mapped with greater accuracy. For the first time, we
showed that fuzzy approaches to image classification are better suited to represent coastal dune
habitats compared to the more common crisp approaches, as they account for the actual

fuzziness of the vegetation mosaic.

4.1. Habitat classification: Habitats Directive and EUNIS

As expected, different habitat classification systems produced different results. Since the

selection of a classification system influences the resulting map and any derived measures
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(Tomaselli et al., 2016), it is important to understand the advantages and limitations of each
classification. As it is known, there is no exact correspondence between Annex I and level 3
EUNIS habitats (Rodwell et al., 2018), with EUNIS habitats defining broader categories
(Chytry et al., 2020). In this study, the EUNIS system appeared more suitable for mapping
coastal dune habitats since it resulted in a higher accuracy of image classification with respect
to the HD system. This can be explained by the fact that the EUNIS system includes a smaller
number of broader classes that are more easily identifiable since being more different between
one another (Rapinel et al., 2014; Marzialetti et al., 2019). This was also confirmed by the
higher spectral separability of EUNIS habitats, as revealed by the spectral PCA, which may
also contribute to the higher accuracy of image classification. Few studies have directly
compared the suitability of HD and EUNIS classification systems for habitat mapping: for
example, Valentini et al. (2015) reported that habitats classified with the EUNIS system were
more accurately mapped than those classified with the HD system in an estuarine area, because

the latter included more and less well-defined classes.

Interestingly, a large portion of the reference data consisted of mixed plots that could not be
assigned to a single Annex I or EUNIS habitat. This underscores the high heterogeneity of
coastal dune vegetation and suggests that a fuzzy model may provide a more accurate
representation compared to a crisp one even for habitat classification and description purposes.
Notably, some studies have incorporated fuzziness into vegetation data by defining fuzzy
communities (De Céceres et al., 2010). For instance, this approach has been applied in wet
grasslands (Rapinel et al., 2018), Eucalyptus woodlands (Duff et al., 2014), and peatlands
(Résédnen et al., 2019). Mapping floristic gradients instead of communities can further improve
the representation of vegetation patterns, as demonstrated in salt marshes (Unberath et al.,
2019), urban forests (Gu et al., 2015), grasslands (Neumann et al., 2016), and peatlands
(Rédsédnen et al., 2019). While these approaches enhanced vegetation mapping, they were not

suitable for our study, which focused on specific habitat types of conservation interest.

As results from the spectral PCA, plots identified as mixed based on vegetation data generally
also had an intermediate spectral response between multiple habitats. Conversely, some plots
identified as pure showed spectral similarities with more than one habitat, resulting in a certain
spectral overlap between habitats. As demonstrated by Amici (2011), crisp classes often have
a high variability in fuzzy memberships. To overcome this issue, compromise vegetation

typologies can be defined to improve spectral separability, but at the expense of the alignment
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with HD or EUNIS habitat definitions (Rapinel et al., 2018).

4.2. Image classification: crisp and fuzzy

In this study, two main approaches for image classification were compared: a crisp approach
and a fuzzy approach. As hypothesized, fuzzy maps captured a greater proportion of the
variation in the original data, resulting in a more realistic representation of vegetation patterns
compared to crisp maps. These approaches are better suited to capture the inherent fuzziness
of landscapes (Rocchini et al., 2010; Triepke, 2017). Previous studies comparing crisp and
fuzzy approaches have demonstrated the higher reliability of the latter, for example in coastal

wetlands (Shanmugam et al., 2006) and grasslands (Rapinel et al., 2018).

Despite this, the overall accuracy of crisp classifications was higher. This counterintuitive
result was also found by Feilhauer et al. (2021), who reported a 5% decrease in overall accuracy
when transitioning from crisp to fuzzy Random Forests in an image classification of a mosaic
of grasslands and bogs. It is important to note that comparing overall accuracy between crisp
and fuzzy classifications might be misleading. The reference dataset used for measuring overall
accuracy was formed by selecting only pure plots to adequately train the classification models,
resulting in a reference dataset being crisper than the actual situation. In addition, accuracy
metrics derived from a fuzzy confusion matrix are typically lower than crisp ones, because
even slight levels of uncertainty for a reference pixel produce membership values lower than

1, thereby reducing the resulting accuracy metrics (Zlinszky & Kania, 2016).

Although fuzzy sets have been used for several decades in ecology (Roberts et al., 1986),
including remote sensing studies (Foody, 1996), they remain underutilized for habitat mapping
compared to crisp methods (Feilhauer et al., 2021). Recently, fuzzy classifications have been
applied to represent vegetation ecotones in fynbos (De Klerk et al., 2018), wet grasslands
(Rapinel et al., 2018) and peatlands (Risdnen et al., 2019). On coastal dunes, fuzzy approaches
have been employed to map the relative proportions of sand and vegetation (Lucas et al., 2002;
Shanmugam et al., 2003), monitor sand cover dynamics (Ettritch et al., 2018), map gradients
of floristic composition (Unberath et al., 2019), and identify indicator species (Medina Machin
et al., 2019; Durai et al., 2024). Building on this body of research, our study demonstrates for

the first time the effectiveness of fuzzy classifications for mapping coastal dune habitats.

Among the fuzzy methods, Random Forests produced the best results, both in terms of overall
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accuracy and proportion of information maintained by the classification. Random Forests are
relatively robust to outliers and class imbalances (Kamusoko, 2019) and are currently one of
the most powerful and most used machine learning classifiers (Maxwell et al., 2018; Listiani
etal., 2022). Notably, most studies employing fuzzy approaches for habitat mapping have used
spectral unmixing (Shanmugam et al., 2006; Dudley et al., 2015; Alvarez-Vanhard et al., 2020),
convolutional neural networks (Carbonneau, Dugdale, et al., 2020), species distribution models
incorporating environmental variables (Duff et al., 2014; Wiser et al., 2022), Bayesian-based
probability algorithms (Amici, 2011; De Klerk et al., 2018) or unsupervised methods such as
fuzzy k-means (Tapia et al., 2005). The usefulness of Random Forests has been highlighted in
some studies (Résénen et al., 2019; Feilhauer et al., 2021; Cruz et al., 2024), and our findings

align with these results.

4.3. Applicability of the method

By using multispectral satellite imagery, our approach could be applied over broader spatial
and temporal extents. The effectiveness of our method could also be tested with freely
available, lower-resolution imagery like Sentinel-2 imagery. However, mapping small,
fragmented habitats like those of coastal dunes would imply integrating higher-resolution data
such as those collected with unmanned aerial vehicles (UAVs) to extract “pure” reference
spectra (e.g. Alvarez-Vanhard et al., 2020). The fuzzy approach tested here for coastal dunes
may also be applicable to other vegetation types characterized by environmental gradients or
mosaics, such as riparian zones or grasslands, for which crisp approaches can be limiting

(Rapinel et al., 2018).

A drawback of fuzzy approaches is that fuzzy maps can be more difficult to interpret for non-
technical users compared to crisp maps (Duff et al., 2014). However, presenting fuzzy maps
alongside crisp maps can help identify transitional areas and zones of uncertainty, providing a
more comprehensive basis for management and decision-making (Feilhauer et al., 2021).
Furthermore, because fuzzy maps represent probabilities, they can be easily interpreted as the
percentage likelihood of a pixel belonging to a particular class (Rocchini, 2010). This makes

them highly accessible and straightforward to understand, even for non-expert users.

In general, the overall accuracy for mapping coastal dune habitats in this study was high for
EUNIS habitats (maximum value of 0.90) and moderate for Annex I and noise cluster habitats

(maximum values of 0.67 and 0.53, respectively), with multiple classifications producing an
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accuracy lower than 0.50. These findings are largely consistent with those of other studies using
satellite data to classify broader vegetation classes. For instance, Marzialetti et al. (2019) used
Sentinel-2 to map coarse physiognomic classes of dune vegetation with an accuracy of 0.79
assessed with visual checkpoints, which decreased to 0.53 when assessed with floristic data
(similar to the reference data used in our study). They concluded that 10-m resolution images
could only be used to distinguish herbaceous and woody vegetation. Rapinel et al. (2014)
achieved an accuracy of 0.74 in mapping vegetation formations from WorldView-2 images.
Timm and McGarigal (2012) mapped coastal land cover with an accuracy of 0.75. De Giglio
et al. (2017) achieved an accuracy of 0.83 using WorldView-2 images to map large vegetation

classes.

Our method provides a novel and effective approach to accurately map coastal dune habitats
on a large scale. Due to the current limitations in imagery availability for large areas and the
fine scale of coastal dune habitats, our sub-pixel approach can offer a valuable basis for
monitoring and supporting conservation efforts (Delbosc et al., 2021). Technological
advancements will likely enhance the accuracy of habitat mapping products with very high-
resolution imagery. To date, this is enabling the application of deep learning models that extract
multi-scale patterns, allowing even individual trees to be monitored (Beloiu et al., 2023; Brandt

et al., 2025).

4.4. Limitations and uncertainties

Interestingly, we observed lower classification accuracy for the MSRM Park compared to the
Maremma Park. This disparity may reflect an influence of anthropogenic pressure on habitat
mapping: the generally worse conservation status of MSRM Park likely complicated habitat
assignment based on vegetation data (Sarmati et al., 2019) and resulted in a higher proportion
of mixed plots. Additionally, temporal differences in image acquisition could have played a
role. Images were selected to align with the period of field surveys and to ensure consistent
phenological phases, a critical factor to relate spectral reflectance to species composition
(Feilhauer & Schmidtlein, 2011). However, it was not possible to retrieve two images from the
same year. Thus, another reason for the worst performance of our method in the MSRM Park
might have been a longer time lag between field sampling and image acquisition, so that this
study area might have been affected by slightly faster transformation dynamics related to

anthropogenic disturbance.
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Errors in the georeferencing of reference data are another major source of error in remote
sensing studies (Foody, 2009; Persson et al., 2022). Here, we minimized this error by verifying
plot positions on an orthophoto after acquiring the GPS position in the field, although some
emerging approaches also suggest the possibility to address imperfect training data (Meerdink
et al., 2024). Moreover, we only tested our method using one plot size, which was selected
based on previous research on coastal dunes (e.g. Carboni et al., 2011) and aligned with the
resolution of satellite imagery. In the future, a multiscale analysis could be useful to detect the

most appropriate plot and pixel sizes for these ecosystems (Wang et al., 2001).

We analyzed the spatial uncertainty of classifications in relation to spectral heterogeneity,
finding that areas with higher heterogeneity tended to exhibit higher classification uncertainty.
This observation aligns with prior research, which demonstrated the negative impact of spectral
heterogeneity in training data on classification accuracy (Villoslada et al., 2020). This is
especially the case where sand and vegetation pixels are mixed (Smyth et al., 2022). However,
classification uncertainty may also arise from the presence of heterogeneous conditions in the
field, where no single class is clearly predominant. In such cases, spectral heterogeneity can
provide an insight into where the fuzziest situations occur and possibly guide sampling efforts

to better understand them (Tapia et al., 2005; Zlinszky & Kania, 2016).

Class-specific accuracy metrics highlighted a large difference in classification performances
for different habitats. Automatic classification methods are generally more effective for
habitats with distinctively dominant species in terms of cover, and less for habitats
characterized by a higher species equitability and species with low growth-form (Bell et al.,
2015). In our case, coastal dune scrubs generally achieved the highest accuracy, likely because
it is a shrubland with high vegetation cover dominated by Juniperus spp., clearly differentiated
from herbaceous vegetation at both functional level (defined by functional traits such as
specific leaf area, leaf dry matter content, and water potential at turgor loss point) and spectral
level (defined by spectral bands) in coastal dunes (Beccari et al., 2024). Another habitat
mapped with high accuracy was the shifting dunes with Calamagrostis arenaria subsp.
arundinacea. This species forms large tussocks, taller than the other dune species (Torca et al.,
2019), which exhibit distinct colors, particularly during the flowering season (Cruz et al.,
2023). By contrast, habitats like vegetation of drift lines and fixed dunes grasslands were
mapped with much lower accuracy. This is possibly due to their sparse vegetation cover, which

increases the interference from bare soil (Prudnikova et al., 2019), or their generally smaller
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extent. Moreover, these habitats are characterized by annual species with small size (Torca et
al., 2019), which complicates their detection using remotely sensed data (Medina Machin et

al., 2019).

5. Conclusion

Our work provides a novel and effective tool in the context of the conservation and monitoring
of EU habitats, which will allow practitioners to improve habitat detection and identification
while reducing the economic and physical efforts needed for their search and sampling in the
field. We developed a useful technique to create high-resolution habitat maps on coastal dunes,
some of the most highly threatened ecosystems worldwide, at a level of detail never achieved
with satellite imagery. Our approach, which could be applied at any scale from local, to
regional, national or beyond, addresses the pressing need to develop objective and repeatable
tools for habitat monitoring. In this context, it will be especially useful to monitor the habitats

area of occupancy, a crucial parameter for assessing habitat conservation status under the HD.

We further confirmed the effectiveness of fuzzy approaches in capturing ecological gradients

and mixed vegetation types often overlooked by traditional crisp methods.

As a future research direction, these approaches can be compared with deep learning methods

such as convolutional neural networks, to assess their potential for producing better results.

Data availability

The data and code supporting this study are available at:
https://doi.org/10.17632/b9vn8mvhk6.1. An example of code usage is provided at:
https://github.com/emiliapafumi/fuzzy-dunes.git. Plot data are included in the SALTISH
dataset (Gholizadeh et al., 2025). Due to specific license agreements, the WorldView-3 data
are not available for sharing, but can be requested from
https://earth.esa.int/eogateway/missions/worldview-3 after approval of a data request to the

European Space Agency.
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Abstract

Mapping coastal dune habitats through remote sensing is crucial for biodiversity conservation,
but it is challenging due to the small and fragmented nature of habitat patches relative to the
spatial resolution of available imagery. Convolutional Neural Networks (CNNs), by leveraging
both spectral and spatial information, offer a promising solution, but their application to coastal
dunes remains limited. This study evaluates CNN performance for coastal dune habitat
mapping using spectral data with varying spatial resolutions: Unmanned Aerial Vehicle (UAV;
0.02 m), airborne (0.20 m), Google Earth (0.30 m), and WorldView-3 imagery (0.40 m).
Ground truth data were collected in 4 m? plots in Tuscany (Italy) and supplemented with photo-
interpreted points, representing five classes: shifting dunes (EUNIS habitat N14), dune
grasslands (N16), dune scrubs (N1B), bare sand, and sea. For each remote sensing dataset, one
CNN was trained on RGB imagery and another including additional spectral bands, where
available. Most maps achieved high accuracy, confirming the effectiveness of CNNs for habitat
mapping. Accuracy of RGB-derived maps declined with coarser resolution, from UAV (88%)
to airborne (86%), Google Earth (80%) and WorldView-3 (38%). Including additional spectral
bands had varying effects on accuracy (+6% for UAV, +7% for airborne, +25% for
WorldView-3). Among habitats, dune scrubs were mapped most accurately, while shifting
dunes were often confused with bare sand. These findings underscore the value of very high-
resolution imagery for habitat mapping with CNNs, suggesting that even Google Earth imagery

can support broader-scale applications when UAV or airborne data are unavailable.

Keywords: Biodiversity, Coastal dunes, Convolutional Neural Networks, Deep Learning,

Habitat mapping, Remote sensing, Spatial resolution
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1. Introduction

Biodiversity mapping is a crucial task: although maps cannot faithfully represent reality, they
serve essential practical purposes, such as guiding conservation efforts (Malavasi, 2020).
Habitat maps are particularly important in Europe, where many conservation policies,
including the Habitats Directive (92/43/EEC), require the identification and mapping of
habitats as key units for protection. Remote sensing, by providing quantitative data over large
spatial and temporal scales, has significantly advanced habitat mapping (Kerry et al., 2022).
However, the suitability of remote sensing data remains strongly dependent on spectral, spatial
and temporal resolution: fine habitat differentiation generally requires multiple spectral bands
to improve spectral separability, but this often comes at the expense of spatial detail or temporal
frequency, which are relevant for complex landscapes (Corbane et al., 2015). In this study, we

focus primarily on the issue of spatial resolution.

Coastal dune habitats are both highly threatened and challenging to map, due to their typically
small and fragmented patches (Acosta et al., 2007). Recent studies have explored automatic
approaches for dune habitat mapping, testing remote sensing data with varying spatial
resolutions (Delbosc et al., 2021). The highest detail is currently provided by Unmanned Aerial
Vehicles (UAVs), which have been used to map land cover (Suo et al., 2019), plant
communities (De Giglio et al., 2019; Agrillo et al., 2023; Cruz et al., 2023; Innangi et al., 2025),
and even single species (Marzialetti et al., 2021; Innangi et al., 2023; Belcore et al., 2024).
However, these studies are limited to a local scale, and it remains critical to assess the trade-
off between spatial resolution and broader-scale applicability. Free satellite data only allow to
map broad land cover classes (Marzialetti et al., 2019; Latella et al., 2021), while commercial
satellites often enable more accurate mapping but are constrained by high acquisition costs (De
Giglio et al., 2017; Pafumi et al., 2025). Recently, free Google Earth imagery has also been
tested for specific vegetation types, such as bamboo forests (Watanabe et al., 2020) or scrub
habitats (Guirado et al., 2017). However, its limited spectral information (RGB only)

necessitates advanced classification methods for distinguishing habitats.

In recent years, machine learning has opened new possibilities for ecological applications
(Cipriano et al., 2025), especially in remote sensing (Cresson, 2020). Among these methods,
deep learning stands out for its ability to automatically extract complex features from raw data

(LeCun et al., 2015). Specifically, Convolutional Neural Networks (CNNs) are well suited for
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image classification tasks, as they exploit the hierarchical structure of images to extract high-
level features (e.g., edges and patterns) from low-level inputs (e.g., pixel intensities), thus
leveraging both spectral information and spatial context and improving ecological mapping
performance (Kattenborn et al., 2019). The effectiveness of CNNs has been demonstrated in
various applications, especially with very high-resolution data, like UAV (Schiefer et al., 2020)
or airborne imagery (Carbonneau, Dugdale, et al., 2020). Despite their growing use, CNNs
remain poorly explored in the context of coastal dune habitats, and few studies have

systematically assessed how their performance varies with spatial resolution.

This study addresses this gap by testing CNN-based habitat mapping in coastal dunes across
four remote sensing datasets with decreasing spatial resolution: UAV imagery (0.02 m),
airborne imagery (0.20 m), Google Earth imagery (0.30 m), and WorldView-3 satellite imagery
(0.40 m). For each dataset, we assess CNN performance using RGB bands only and then test

the added value of including additional spectral bands, where available.

2. Materials and methods

2.1. Study area

The study was carried out in the sandy beach of Collelungo in Tuscany (Italy; Fig. 1). The site
is inside the Maremma Regional Park and the Special Area of Conservation “Dune costiere del
Parco dell'Uccellina” (IT51A0015). The climate is Mediterranean, with an upper meso-
mediterranean thermotype and an upper dry ombrotype (Pesaresi et al., 2017). Vegetation
follows the typical coastal dune zonation, with annual vegetation of drift lines closer to the sea,
followed by shifting dunes, stable dune grasslands and dune scrubs moving inland (Acosta et

al., 2007; Tordoni et al., 2019, 2021; Beccari et al., 2024; Sarmati et al., 2025).
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Fig. 1. Study area with field surveyed transects represented in blue (A), its position in Italy (B), a transect
scheme (C), an example of surveyed plot (D) and close-up views of the remote sensing datasets used:
UAV (E), airborne (F), Google Earth (G), and WorldView-3 (H). The area in the close-up views is

indicated with a red square in A.

2.2. Ground truth data

Ground truth data were collected during vegetation surveys in June 2024 over an area of c. 4
ha. Five transects of fixed length (50 m) were placed perpendicularly to the coastline at 150 m
from one another, with the first transect located 100 m from the beginning of the beach. Along
each transect, 13 squared plots of 2 m x 2 m were placed, each at 4 m from the other, for a total
of 65 plots. We measured coordinates at the top-left and bottom-right vertices of each plot
along the sea-upland direction of each transect. Two EMLID Reach RS2 GNSS units were
used for this purpose, one as a base station and one as a rover, connected for Real-Time
Kinematic (RTK) survey with a local accuracy of 0.001 m. Since network communication in
the area was insufficient, acquired coordinates were subsequently used for a Post-Processed
Kinematic (PPK) survey using the EMLID Studio software. The coordinates were calculated
in the WGS84 reference system (EPSG: 4326), with PPK processing based on RTCM3

positional data of the Leica SmartNet network of reference stations (GROK site, with a baseline
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of approximately 18 km). After PPK corrections, plot coordinates had an RMS horizontal

accuracy of less than 1 cm.

In each plot, vascular plant species occurrence and abundance (visually estimated % cover)
were recorded. Plots were assigned to EUNIS habitats at the third level of detail based on their
species composition using the EUNIS Expert System (Chytry et al., 2020; Bruelheide et al.,
2021). Three habitats were considered: “Mediterranean, Macaronesian and Black Sea shifting
coastal dune” (N14), “Mediterranean and Macaronesian coastal dune grassland (grey dune)”
(N16), and “Mediterranean and Black Sea coastal dune scrub” (N1B). Plots not assigned to any
habitat or classified into other habitat types (specifically, N12 - “Mediterranean and Black Sea
sand beach”, N1G - “Mediterranean coniferous coastal dune forest”, and “Sb - Dwarf-shrub
vegetation”) were excluded from the reference dataset, as their number was too small to be

considered in the analysis.

To improve the ground truth dataset and compensate for class imbalance, additional 2 m x 2 m
squares were identified through photo interpretation of the highest-resolution image. The final
dataset consisted of 500 squares assigned to five classes: habitat N14, N16, N1B, bare sand,

and sea.

A workflow scheme of the analyses, from data collection to CNN segmentation, is in Fig. 2.
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Fig. 2. Workflow scheme of the analyses.
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2.3. Remote sensing data collection and pre-processing

2.3.1. UAV imagery

The UAV photogrammetric survey was carried out on 20 June 2024, simultaneously with the
vegetation surveys. This study adopted a low-altitude UAV, the DJI Matrice 300 RTK,
equipped with the MicaSense Altum-PT multispectral camera (MicaSense Inc., Seattle, DC,
USA). We used five out of seven sensors of the camera, each with a resolution of 2064 x 1544
pixels (= 3.2 MP per band), covering five discrete spectral bands: blue (center 475 nm,
bandwidth + 32 nm), green (560 £ 27 nm), red (668 + 14 nm), red edge (717 = 12 nm), and
near-infrared (842 £+ 57 nm). Prior to the flight, we placed the calibrated reflectance panel CRP2
on a flat, leveled surface within the mapping area. We used the Altum-PT to capture images of
the panel under the same sunlight conditions as the planned survey, allowing radiometric
calibration of multispectral data. Simultaneously, the downwelling light sensor DLS2 was used
to record irradiance and sun-angle data for subsequent correction in processing. Flight
observation was carried out between 13:00 and 14:00 (UTC+2). The flying height was set at
45 m, achieving a Ground Sampling Distance (GSD), or spatial resolution, of 1.94 cm/pixel.
Both image frontal and side overlap were set at 75%, which is essential for the image matching
algorithms in Structure-from-Motion software (Eltner et al., 2016). Before the acquisition of
the images, six Ground Control Points (GCP), three of which were used afterwards as Check
Points (CP), were distributed in the study area and surveyed. The center of each GCP
coordinate was acquired using the same methodology of the vegetation plots (see 2.2. Ground

truth data).

After the flight, UAV data were processed in Agisoft Metashape Professional v 2.1.0, applying
radiometric corrections to all the 1,046 acquired images using both the reflectance panel and
the DLS2 sensor data. After image alignment, a five-band orthomosaic was generated, with a
final output size of 40,300 x 29,430 pixels. The orthomosaic was referenced in WGS84 / UTM
Zone 32N (EPSG: 32632), with a CP horizontal Root Mean Square Error (RMSE) of 2.46 cm.

2.3.2. Airborne imagery

An airborne orthophoto from 25 August 2023 was downloaded from the regional open dataset
(Regione Toscana, 2023). The image was acquired using Leica DMC4 and DMC3 sensors with
four spectral bands, i.e. red (580-660 nm), green (480-590 nm), blue (420-510 nm), and near-
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infrared (720-850 nm), with a spatial resolution of 0.20 m.

2.3.3. Google Earth imagery
RGB imagery was downloaded from Google Earth Pro 7.3.6 (Google, 2025). Among the

available images, the one with the closest date to the field surveys was chosen, i.e., a Pléiades
Neo satellite image from 26 April 2023, with a spatial resolution of 0.30 m (Airbus, 2023). The
image was downloaded from Google Earth Pro at an eye altitude of 1 km, corresponding to a

pixel size of ¢. 0.14 m.

2.3.4. WorldView-3 imagery

A multispectral image from WorldView-3 satellite was acquired on 16 May 2019. The image
includes one panchromatic band at 0.40 m spatial resolution (center wavelength: 649 nm)
bundled with eight spectral bands at 1.60 m resolution: coastal blue (427 nm), blue (482 nm),
green (547 nm), yellow (604 nm), red (660 nm), red-edge (723 nm), near-infrared 1 (824 nm),
and near-infrared 2 (914 nm). Images were delivered at the 3D-level of processing, i.e.
orthorectified, sensor-corrected and radiometrically corrected through dark offset subtraction
and non-uniformity correction (Kuester, 2016), with a reported geolocation accuracy < 3.0 m

CE90.

To improve spatial resolution of WorldView-3 images, multispectral bands were pansharpened
using the cubic resampling algorithm. To correct for a slight misalignment between datasets,
images were reprojected with UAV data as reference. These steps were carried out in QGIS

3.40.8 (QGIS Development Team, 2024).

2.4. Semantic segmentation using CNNs

For the semantic segmentation of images into dune habitats, we applied CNNs based on U-Net
architecture, a widely used model, specifically developed to perform well with few training
images (Cresson, 2020). U-Net is an encoder-decoder architecture which consists of a
contracting path with convolutional layers, followed by a symmetric expanding path with
transposed convolutions (Ronneberger et al., 2015). In this study, CNN architecture was
optimized by testing different values of key parameters (i.e., number of layers, kernel sizes,
stride). The final structure comprises three convolutional layers and three symmetric

deconvolutional layers (Fig. S1). Convolutions use a 3x3 kernel with stride 1, padding “same”,
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and HeNormal initialization to reduce the vanishing gradient and stabilize the network. To
efficiently reduce and restore spatial dimensions in the UAV dataset, max pooling and
transposed convolutions with a stride of 2 were employed. For the other datasets, we used a
stride 1 throughout the network and omitted pooling layers to avoid excessive downsampling.
After each (de)convolutional layer, a ReLu activation and a Batch Normalization layer are
applied, respectively to compute the node output and reduce the internal covariate shift. A final

argmax layer assigns each pixel to the most probable class.

To assess the effect of spatial resolution on classification accuracy, an independent CNN was
trained for each remote sensing dataset using RGB images as input. Then, to assess the effect
of adding spectral bands, additional CNNs were trained on multispectral images, for all datasets
except Google Earth, which only includes RGB bands, for a total of seven CNN models (Table
1, Fig. S2).

Patches were extracted with the same size as the field sampled plots (2 m x 2 m), thus with a
different number of pixels according to the resolution of the data used. In each case, patches
were randomly split into 80% training, 10% testing and 10% validation. To artificially increase
the training dataset, data augmentation was performed by adding two preprocessing layers

(random flips and random rotations).

Training was performed using gradient descent on the loss function (categorical cross entropy)

with Adam optimizer, setting 50 epochs, a batch size of 8 and a learning rate of 0.0002.

CNNs were built and trained using Orfeo ToolBox Tensor Flow (OTBTF; Cresson, 2019), a
remote module of the Orfeo ToolBox open-source library (Grizonnet et al., 2017), that allows
to integrate deep learning models into remote sensing workflows by using the TensorFlow
platform for machine learning (Abadi et al., 2015) through its high-level Keras API (Chollet,
2015). The pyotb library was used as a Python wrapper for Orfeo ToolBox applications,
enabling seamless integration of OTB's remote sensing processing capabilities within Python-

based workflows.
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Table 1. List of CNNs trained in this study with different types of remote sensing data.

Data Spatial resolution (m) Input spectral bands CNN
RGB CNN-01
UAV 0.02
multispectral CNN-02
RGB CNN-03
airborne 0.20
multispectral CNN-04
Google Earth ~ 0.30 RGB CNN-05
RGB CNN-06

WorldView-3 0.40

multispectral CNN-07

2.5. Validation

The accuracy of the output maps was assessed using the validation ground truth dataset,
computing the following validation metrics: 1) overall accuracys, i.e. the percentage of correctly
classified pixels; 2) precision, i.e. the proportion of true positives over all classified positives,
also known as user’s accuracy in traditional remote sensing studies; 3) recall, i.e. the proportion
of true positives over all actual positives, also known as producer’s accuracy; and 4) F1-score,

i.e. the harmonic mean of precision and recall (Maxwell et al., 2021).

To assess whether a post-processing step could improve output maps, we applied a sieve filter,
which reduces the salt-and-pepper effect. We tested different sieve values on UAV-derived
maps: 25 pixels (i.e., remove patches < 0.01 m? assigning those pixels to the neighboring class),
100 pixels (i.e., remove patches < 0.04 m?), and 250 pixels (i.e. remove patches < 0.10 m?),

and compared the resulting map accuracy metrics.

3. Results and discussion

Habitat maps produced through segmentation of RGB imagery are in Fig. 3, while those
derived from multispectral imagery are in Fig. S3. Despite visible differences in terms of
resolution and noise, in most cases the typical sea-inland succession can be recognized (Fig.
S4), with bare sand and shifting dunes closer to the sea, followed by stable dune grasslands

intermixed with dune scrubs (Acosta et al., 2007), reflecting the typical changes in
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environmental conditions and plant diversity along the sea-inland gradient (Torca et al., 2019;

Tordoni et al., 2021).

sand [l N14 |N16 I N1B [0 sea

Fig. 3. Close-up views of the habitat maps produced through CNN segmentation of RGB imagery from
four datasets: UAV (A), airborne (B), Google Earth (C), and WorldView-3 (D).

Overall, four out of seven maps had a high accuracy (>85%), confirming the potential of CNNs
for habitat mapping (Fig. 4). To our knowledge, this is one of the first studies assessing CNNs
to map habitats on coastal dunes. For comparison, Suo et al. (2019) mapped land cover with a
maximum likelihood classifier achieving 69% accuracy with RGB and 78% with multispectral
UAV imagery. Agrillo et al. (2023) reached 78% accuracy combining UAV data with
environmental predictors in a Random Forest model. Similarly, Laporte-Fauret et al. (2020)

applied Random Forest to hyperspectral data, producing vegetation maps with 83% accuracy.
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Fig. 4. Overall accuracy of the CNN-classified maps.

68



A key finding of this study is the consistent decline in CNN performance with decreasing
spatial resolution: accuracy of RGB-based maps dropped from 88% (UAV) to 86% (airborne),
80% (Google Earth) and 38% (WorldView-3). This trend is in line with previous research on
CNNs: for example, tree mapping accuracy in a temperate forest decreased from 89% at 0.02
m to 62% at 0.32 m (Schiefer et al., 2020), while in a bamboo forest from 93% at 0.13 m to
74% at 0.65 m (Watanabe et al., 2020).

This resolution effect suggests that only hyperspatial imagery, i.e., imagery with pixels much
smaller than target objects, can reveal the fine-scale patterns that CNNs exploit to identify
objects, such as branching structures for trees (Schiefer et al., 2020). Notably, the benefits of
hyperspatial data do not apply to all methods. For example, conventional spectral-based
classifiers may perform worse with higher-resolution data due to high intra-class spectral
variability (e.g., sunlit and shaded leaves of the same tree having different reflectance), which
reduces spectral separability (Nagendra & Rocchini, 2008). Conversely, their performance can
improve as resolution decreases and spectral separability increases (De Giglio et al., 2017),
until mixed pixels become prevalent, at which point pixel-based fuzzy classifications may be

preferable (Pafumi et al., 2025).

Additionally, the negative impact of low spatial resolution on CNN performance may be
amplified by an indirect effect: to match field plot sizes, patches extracted from lower-
resolution imagery had a smaller number of pixels. Smaller tile sizes can increase the edge
effect caused by the moving window approach of CNNs, as noted by Schiefer et al. (2020),
although they reported only minor performance differences across tile sizes (128, 256, 512

pixels).

Interestingly, including additional spectral bands had only a minor positive effect on mapping
accuracy at very high resolutions (+6% for UAV, +7% for airborne), while the effect was
greater at coarser resolutions (+25% for WorldView-3). This suggests that spatial patterns may
be more informative than spectral reflectance for mapping at very high resolutions, as previous
research has found (e.g., Carbonneau, Dugdale, et al., 2020), highlighting the value of relatively

inexpensive RGB sensors on UAVs.

We observed a marked difference in classification performance among habitats, especially at
coarser resolutions (Appendix S5). Dune scrubs (habitat N1B) were mapped with the highest

precision and recall, as in other studies (Marzialetti et al., 2019; Pafumi et al., 2025). Stable
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dune grasslands (N16) also reached relatively high values, while shifting dunes (N14) often
achieved a precision similar to N16 but a low recall, mostly due to confusion with bare sand
(Appendix S6, S7). These two habitats showed the greatest decline in accuracy with decreasing
resolution, probably because the fine-scale patterns exploited by CNNs were no longer

discernible, also due to their lower vegetation cover (Appendix S8).

Furthermore, we found that a simple post-processing step reduced the salt-and-pepper effect in
the highest-resolution maps, slightly improving accuracy (Appendix S9, S10). However, the
advisability of applying this step, including the choice of optimal filter size, depends on the
application, and more sophisticated methods could be explored (Chen et al., 2018).

Although this study focused on a single site, the findings have broader implications for large-
scale applications. Ideally, extensive UAV surveys would provide the most accurate habitat
maps for coastal dunes. Thanks to the high spatial detail of these images, field sampling efforts
can also be reduced: we surveyed a relatively small number of plots (65 plots over 4 ha) and
then expanded the ground truth dataset through photo interpretation. Notably, several studies
have reported higher accuracy using visually delineated ground truth from imagery compared
to field-based data, due to reduced spatial inaccuracy and sampling bias (Marzialetti et al.,
2019; Kattenborn et al., 2019). However, field surveys remain necessary to relate vegetation
features to their appearance in imagery, especially if plot locations are recorded with high
precision simultaneously with UAV acquisition, as in this work, thus minimizing spatial

misalignment.

Despite these advantages, UAVs are currently not appropriate for covering broad spatial
extents, such as the whole Italian coastline, due to the required costs and expertise.
Nonetheless, UAV-based research has been increasing in the last years (e.g., De Giglio et al.,
2019; Malavasi et al., 2021; Marzialetti et al., 2021; Agrillo et al., 2023; Belcore et al., 2024;

Innangi et al., 2025), and new possibilities could be opened in the future.

As an alternative, our study showed that airborne and Google Earth imagery can still offer
reliable maps, though only the latter is currently available at the national level. Based on these
results, a national-scale test of CNNs using these data will be the next step in research. It is
important to note, however, that the transferability of CNNs across sites can vary, from low
(Watanabe et al., 2020) to high (Carbonneau, Dugdale, et al., 2020; Schiefer et al., 2020),

indicating the need for future studies to specifically assess CNN transferability in coastal dunes.
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4. Conclusion

This study emphasizes the efficacy of CNNs for mapping coastal dune habitats and offers a
pioneering analysis of the influence of remote sensing data’s spatial resolution on CNN
performance. Very high-resolution UAV imagery was confirmed as the most valuable data to
produce accurate habitat maps, revealing fine-scale spatial patterns which are essential for
CNNs. With coarser-resolution datasets, mapping accuracy clearly declined, while the
inclusion of additional spectral bands became more beneficial. Despite not being the ideal
solution, airborne and Google Earth data still supported high-accuracy maps (>80%),
suggesting potential for cost-effective, broader-scale applications, once CNN transferability
across dune systems has been further explored. By assessing CNN applicability across multiple
remote sensing datasets, this study offers novel and practical insights which can support

monitoring and conservation of the highly vulnerable coastal dune ecosystems.

Data availability

The code and ground truth data wused for the analyses is available at:
https://github.com/emiliapafumi/deep-dunes.git. The airborne orthophoto is available from
https://www.regione.toscana.it/geoscopio; Google Earth imagery can be downloaded from
Google Earth Pro; WorldView-3 data can be requested from
https://earth.esa.int/eogateway/missions/worldview-3 after approval of a data request to the

European Space Agency.
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Abstract

Coastal sand dunes are highly dynamic and ecologically valuable ecosystems, yet their strong
environmental heterogeneity poses challenges for mapping habitats using remote sensing.
Recently, Convolutional Neural Networks (CNNs) have shown potential for habitat mapping
by exploiting both spectral and spatial information. However, their transferability across sites
and data sources remains poorly understood, especially for coastal dunes. This study assessed
the applicability and generalization capability of CNN-based mapping across multiple spatial

scales and remote sensing datasets.

CNN performance was evaluated using imagery with different spectral and spatial resolutions,
including images from Unmanned Aerial Vehicle (UAV), WorldView-3 satellite and Google
Earth. Ground truth data consisted of vegetation plots classified into EUNIS habitats based on
species composition. CNN models were trained for two pilot study sites using both site-specific
and multi-site approaches, testing both RGB-only and multispectral inputs where available.
Finally, CNN performance was further evaluated at the national scale along the Italian coastline

using Google Earth imagery.

Spatial resolution of input imagery strongly influenced classification accuracy. UAV-based
models achieved the highest overall accuracy (up to 0.95), while performance declined with
coarser spatial resolutions. Adding spectral bands improved -classification accuracy,
particularly for WorldView-3 imagery, but had limited effects for UAV data. Generally, multi-
site models were less accurate than site-specific models, though the difference depended on the
data source. Model transferability was moderate for UAV and WorldView-3, but poor for
Google Earth imagery, especially at the national scale, where ecological and radiometric
heterogeneity strongly reduced CNN performance. Coastal dune scrubs were the habitats

mapped most accurately, while shifting dunes and bare sand were often confused.

Overall, this study highlights the potential and current limitations of CNN-based habitat
mapping for coastal dunes across multiple sites, underscoring the importance of very high-

spatial resolution data for large-scale monitoring and conservation applications.

Keywords: Biodiversity, Coastal dunes, Convolutional Neural Networks, Deep Learning,

Habitat mapping, Model transferability, Remote sensing
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1. Introduction

Coastal dunes are highly dynamic systems, and their dynamism is at the basis of important
ecosystem services (Van Der Biest et al., 2017). Over one third of the world shoreline is sandy,
with varying trends of erosion and accretion over the last decades (Luijendijk et al., 2018). In
Italy, coastal dunes host unique plant communities with high conservation value (Acosta et al.,
2009; Tordoni et al., 2018). However, they have been subjected to strong anthropogenic
pressures since the 20" century, with the increase of tourism and urbanization, and are now
generally in a poor conservation status (Prisco et al., 2020). These pressures have caused, for
example, changes at the landscape level, with a general increase in anthropogenic land cover
and a reduction in natural land cover (Malavasi et al., 2013). Although effective protection
measures can locally reverse the trend (Cini et al., 2025), the overall effectiveness of the
European Natura 2000 network for coastal dune protection remains limited (Sperandii et al.,

2020).

Coastal dunes are intensively studied ecosystems with respect to plant diversity, as their ease
of access allows repeated field sampling across gradients (e.g., Sperandii et al., 2019; Tordoni
et al., 2021). Nonetheless, their wide extension and intrinsic dynamism require continuous,
fine-scale and up-to-date data to support effective monitoring and conservation actions

(Delbosc et al., 2021).

Remote sensing represents an essential source of data for studying and monitoring natural
habitats, although important trade-offs exist in terms of data availability, spatial resolution and
spectral detail (Corbane et al., 2015). In particular, spatial resolution strongly influences the
feasibility of habitat discrimination: habitats characterized by large and homogeneous patches,
such as forests or grasslands, can easily be mapped also from low-resolution imagery (Rapinel
et al., 2019; Mikula et al., 2021). In contrast, ecotones pose specific challenges, as they are
characterized by high spatial heterogeneity within a limited space (Rocchini et al., 2013).
Coastal areas represent an ecotone, characterized by strong gradients in environmental
conditions (Tordoni et al., 2018). In particular, the variation in soil parameters along the sea-
inland direction influences the distribution of plant species and communities (Angiolini et al.,

2013, 2018; Bazzichetto et al., 2016).

Due to their ecotonal nature, coastal dune habitats require remote sensing data with adequate

spatial detail. Satellite imagery is generally used for large-scale analyses, in particular
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leveraging the accessibility of datasets as Sentinel-2 and Landsat-8 (Alvarez-Martinez et al.,
2026). However, their relatively coarse spatial resolution generally limits outputs to coarse
landcover maps (Latella et al., 2021). This limitation can be partly mitigated by exploiting high
temporal resolution (Marzialetti et al., 2019, 2020) or spectral information, especially applying
fuzzy classifications and spectral unmixing (Ettritch et al., 2018; Pafumi et al., 2025). In recent
years, new instruments such as Unmanned Aerial Vehicles (UAVs) have enabled the
acquisition of hyperspatial imagery, i.e. imagery with pixels much smaller than target objects,
opening new possibilities for the analysis of coastal dune vegetation (Agrillo et al., 2023; Cruz

etal., 2023).

Moreover, advancements in machine learning are greatly expanding ecological applications of
remote sensing, especially through the increasing availability of open-source tools (Cresson,
2020; Cipriano et al., 2025). Among these approaches, Convolutional Neural Networks
(CNNs) have demonstrated high effectiveness, even when applied to images with limited
spectral content, such as RGB imagery from UAYV sensors for tree species mapping (Schiefer
et al., 2020) or from airborne sources for fluvial scenes classification (Carbonneau, Dugdale,
et al., 2020). The effectiveness of CNNs is mainly due to their ability to exploit both spectral
information and spatial context of an image by learning hierarchical features, from lower-level
inputs such as pixel intensities to higher-level features, such as edges and patterns (Kattenborn
etal., 2019). Nonetheless, many challenges remain in the application of deep learning to remote
sensing, including the scarcity of high-quality ground truth datasets for training and the

interpretability of these complex models (Ball et al., 2017).

In this context of unprecedented availability of remote sensing data and powerful open-source
tools for image analysis based on machine learning, also plant community data are becoming
increasingly accessible thanks, for example, to vegetation databases (Bruelheide et al., 2019).
A clear need emerges to integrate these elements within a unique framework and assess the
current limits in habitat mapping at spatial scales relevant for conservation, such as the national
scale. Recently, some nationwide projects for dune habitat mapping have been carried out in
areas where homogeneous and up-to-date airborne imagery is available, such as the Dutch coast
(Lansu et al., 2025) and the New Zealand coast (Ryan et al., 2025). However, in many
countries, including Italy, similar remote sensing datasets are not uniformly available at the
national scale. Thus, it is important to explore alternative data sources and test how their

characteristics (mainly spatial and spectral resolution) affect habitat detectability and model
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transferability across environmentally heterogeneous areas.

Thus, the aim of this study is to assess the transferability of CNN-based coastal dune habitat
mapping, building upon the framework developed in Chapter 3, with the ultimate objective of
supporting large-scale monitoring of these vulnerable ecosystems. The first part of the study is
focused on two pilot study areas, to perform a multi-scale assessment of CNN performance in
habitat mapping, comparing results obtained from remote sensing imagery with varying spatial
and spectral resolutions, namely UAV, Google Earth, and WorldView-3 imagery. The second
part simulates a real-world application by training CNNs on a large set of sites along the Italian
coasts using Google Earth imagery, which is currently the only freely available source of high-

resolution imagery suitable for large-scale applications.

2. Materials and methods

2.1. Study area

The Italian sandy coastline extends for approximately 3,400 km, making up nearly half of the
total 7,500 km coastline (ISPRA, 2025a). Sandy beaches are generally narrow, covering a total
surface of 120 km?, of which only 35% is represented by beaches wider than 50 m and longer
than 1 km, and 15% by beaches narrower than 25 m (ISPRA, 2025a). Italian coastline is highly
dynamic, with 27% beaches subjected to erosion and 28% subjected to accretion in the period
2006-2020 (ISPRA, 2025a). Due to sea level rise and increasing anthropogenic pressure,
coastal erosion is predicted to affect 70% of beaches by 2050 (Celata & Gioia, 2024).

The climate on Italian coasts is mainly Mediterranean, except for the northern Adriatic
coastline, extending from Friuli Venezia Giulia to Marche region, which has a Temperate

climate (Pesaresi et al., 2017).

Coastal dune vegetation in undisturbed conditions is characterized by a typical sea-inland
zonation, which ranges from annual beach communities, to perennial herbaceous communities
of embryonic and shifting dunes, to stable dune grasslands and finally to dune scrubs with
Juniperus spp. and other species of the evergreen Mediterranean macchia (Acosta et al., 2007,

Tordoni et al., 2019, 2021; Beccari et al., 2024).

Overall, the Italian coastline is highly urbanized: 22.9% of the coastal area within 300 m of the

shoreline has been transformed into artificial surfaces, and c. 50% of the space behind beaches
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is artificial, with peaks in Liguria (90%), Marche (80%), Emilia-Romagna (71%), Abruzzo
(70%) and Campania (70%) (ISPRA, 2025b). In Veneto, a complete dune zonation can be
found only along 19 km coastline, out of the 59 km of coastal dunes present in the region (Bezzi

etal., 2018).
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Fig. 1. Location of the 160 study areas in Italy, with a close-up view on the two pilot sites, in Tuscany

(A) and in Sardinia (B).

The first part of this study was carried out on two pilot sites: the sandy beach of Collelungo in
southern Tuscany (site A, centroid coordinates: 42.63581 N, 11.07292 E) and the sandy beach
of Platamona in northern Sardinia (site B, centroid coordinates: 40.81996 N, 8.50067 E). Site
A is located inside the Maremma Regional Park and included in the Special Area of
Conservation “Dune costiere del Parco dell'Uccellina” (IT51A0015), thus having a low human
pressure. On the other hand, site B is not protected and is part of a long sandy beach hosting

multiple beach resorts, thus having a higher anthropogenic disturbance.
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The second part of the study was carried out at the Italian level. A total of 160 areas of interest
(AOIs) of 1 km x 1 km were placed along the Italian coasts in 8 administrative regions: three
on the Tyrrhenian coast (Tuscany, Lazio, Campania), three on the Adriatic coast (Veneto,
Emilia-Romagna, Molise), and two islands (Sardinia, Sicily). The complete set of AOIs is

represented in Fig. 1 and listed in Table S1.

2.2. Ground truth data

The ground truth dataset includes vegetation plots sampled across Italy in the period 2017-
2025. A total of 1,131 plots were collected from existing databases, specifically the SALTISH
database of Tuscany (Gholizadeh et al., 2025), the RanVegDunes database (Sperandii et al.,
2017), and the ReSurveyDunes database (Acosta et al., 2025), and from unpublished data. The
plot sizes range from 1 m? to 25 m?, with the majority (82.27%) being squared plots of 2 m x
2 m, as in most studies conducted on coastal dune vegetation (Carboni et al., 2011; Sperandii
et al., 2018). To reduce heterogeneity in training data, only the 825 plots of 2 m x 2 m were
used to extract patches for training CNNs. The other plots were nonetheless used in the
validation steps for comparing predicted habitat labels with ground truth habitat assignments.
Plot position was recorded in the field with standard GPS instruments, having a precision

ranging from 1.8 m to 4 m.

In each plot, vascular plant species occurrence and abundance (visually estimated percentage
cover) were recorded. Species names were standardized according to the EuroPlusMed

database (Euro+Med, 2006).

On the basis of species composition, plots were classified into EUNIS habitats at the third level
of detail using the EUNIS Expert System (Chytry et al., 2020; Bruelheide et al., 2021). Plots
not classified into any habitat, or classified into more than one habitat, or classified into a
habitat not of interest for this study were excluded from the reference dataset (Table 1). The
final reference dataset included 980 plots, assigned to three EUNIS habitats: “Mediterranean,
Macaronesian and Black Sea shifting coastal dune” (N14), “Mediterranean and Macaronesian
coastal dune grassland (grey dune)” (N16), and “Mediterranean and Black Sea coastal dune
scrub” (N1B). To represent non-vegetated classes, an additional 632 squares of 2 m x 2 m

corresponding to bare sand and sea were identified through photo interpretation.
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Table 1. List of ground truth plots assigned to classes through the EUNIS Expert System.

Code Description # plots
N14 Mediterranean, Macaronesian and Black Sea shifting coastal dune 241
N16 Mediterranean and Macaronesian coastal dune grassland (grey dune) 527
N1B Mediterranean and Black Sea coastal dune scrub 212
MA253 Mediterranean mid-low saltmarsh 25
N12 Mediterranean and Black Sea sand beach 74
N1G Mediterranean coniferous coastal dune forest 9
N1J Mediterranean and Black Sea moist and wet dune slack 7
N22 Mediterranean and Black Sea coastal shingle beach 2

T Forest 1
T1H Broadleaved deciduous plantation of non site-native trees 2
T21 Mediterranean evergreen Quercus forest 4

? not assigned to any EUNIS habitat 24
+ assigned to more than one EUNIS habitat 3

2.3. Remote sensing data collection and pre-processing

2.3.1. UAV imagery

UAV flights were carried out for the two pilot sites in Tuscany and Sardinia.

For pilot site A (in Tuscany), the UAV photogrammetric survey was conducted on 20 June
2024, using a low-altitude UAV, the DJI Matrice 300 RTK, equipped with a MicaSense Altum-
PT multispectral camera (MicaSense Inc., Seattle, DC, USA). Five of the seven sensors were
used, each with a resolution of 2064 x 1544 pixels (= 3.2 MP per band), covering five discrete
spectral bands: blue (center 475 nm, bandwidth + 32 nm), green (560 = 27 nm), red (668 + 14
nm), red edge (717 £ 12 nm), and near-infrared (842 + 57 nm). Before the flight, a calibrated
reflectance panel (CRP2) was placed on a flat surface within the survey area. To enable
radiometric calibration, the Altum-PT camera was used to capture images of the panel under

the same sunlight conditions as the planned survey, while the downwelling light sensor (DLS2)
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recorded irradiance and sun-angle data. The flight was carried out between 13:00 and 14:00
local time (UTC+2) at a flying altitude of 45 m, resulting in a Ground Sampling Distance
(GSD), or spatial resolution, of 1.94 cm/pixel. Image overlap was set at 75% (both frontal and
side), to ensure reliable image matching in Structure-from-Motion software (Eltner et al.,
2016). Six Ground Control Points (GCP) were distributed across the site, and three of them
were later used as Check Points (CP). GCP coordinates were acquired using two EMLID Reach
RS2 GNSS units, one serving as a base station and the other one as a rover, connected for Real-
Time Kinematic (RTK) survey with a local accuracy of 0.001 m. Due to insufficient network
communication in the area, Post-Processed Kinematic (PPK) corrections were applied to the
acquired coordinates in the EMLID Studio software, using RTCM3 positional data of the Leica
SmartNet network of reference stations (GROK site, 18 km baseline). The final coordinates,
calculated in the WGS84 reference system (EPSG: 4326), had an RMS accuracy < 1 ¢cm in both

Easting and Northing directions.

A total of 1,046 images were acquired. Image processing was performed in Agisoft Metashape
Professional v 2.1.0. Radiometric corrections were applied to all images using the reflectance
panel and the DLS2 data. After image alignment, a five-band orthomosaic was generated, with
a size 0f 40,300 x 29,430 pixels. The orthomosaic was referenced in WGS84 / UTM Zone 32N
(EPSG: 32632), with a horizontal Root Mean Square Error of 2.46 cm.

For pilot site B (in Sardinia), the UAV photogrammetric survey was carried out on 23 May
2025, using a DJI Mavic 3M, equipped with a RGB camera (sensor: CMOS 4/3, 20 MP, image
size: 5280%3956) and a multispectral camera (sensor: CMOS 1/2.8", 5 MP, image size:
2592%1944). The multispectral camera included four spectral bands, i.e., green (560 = 16 nm),
red (650 £ 16 nm), red edge (730 £ 16 nm) and near-infrared (860 nm + 26 nm). Reflectance
was calibrated using the sunlight sensor. The flight resulted in a GSD of 1.99 cm/pixel.

To reduce inter-site heterogeneity, only the four common bands (i.e., green, red, red edge and
near-infrared) were considered as multispectral images. Also, pixel values were scaled in the
0-255 interval and histogram matching was applied, i.e. an image transformation was
performed so that the histogram of image B matches the histogram of image A (Sada et al.,

2018).
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2.3.2. WorldView-3 imagery

One multispectral image from WorldView-3 satellite was retrieved for each pilot site. For pilot
site A (in Tuscany), the image was acquired on 16 May 2019, while for pilot site B (in Sardinia)
on 3 May 2024. The images include eight spectral bands: coastal blue (center wavelength: 427
nm), blue (482 nm), green (547 nm), yellow (604 nm), red (660 nm), red-edge (723 nm), near-
infrared 1 (824 nm), and near-infrared 2 (914 nm). There is also a panchromatic band (649 nm)
at a resolution of 0.40 m (site A) and 0.30 m (site B), which was used for pansharpening the
multispectral image through a cubic resampling algorithm (QGIS Development Team, 2024).
Images were orthorectified, sensor-corrected and radiometrically corrected through dark offset
subtraction and non-uniformity correction, and delivered at 3D processing level, with

geolocation accuracy < 3.0 m CE90 (Kuester, 2016).

2.3.3. Google Earth imagery

RGB images were downloaded from Google Earth Pro 7.3.6 (Google, 2025) with a spatial
resolution of c. 0.30 m. Google Earth images derive from a variety of remote sensing sources
depending on availability and location, including Pléiades satellite (0.50 m resolution),
Pléiades Neo satellite (0.30 m resolution), SPOT 6 and 7 satellites (1.5 m resolution). For each
AOI, one image of 1 km x 1 km was downloaded at an eye altitude of 1 km, selecting in the
Google Earth catalogue the image from the closest date to the field surveys, for a total of 160
images (Table S1). For site A, the selected image was from 26 April 2023, while for site B
from 28 April 2022. For the other Italian sites, image dates are reported in Table S1.

Subsequently, each image was clipped on its corresponding AOI extent and georeferenced to
EPSG 4326 using python rasterio and numpy libraries (Harris et al., 2020). To reduce
heterogeneity among images, multiple pre-processing methods were tested: dark object
subtraction, histogram matching and flat field correction. Dark object subtraction is based on
the identification of a dark object (pixel) which should have a reflectance value equal to 0: if
its value is higher than 0, then the offset can be attributed to atmospheric scattering and is
subtracted from each spectral band (Chavez, 1988). In histogram matching, the input image is
transformed so that its histogram matches the histogram of a reference image (Sada et al.,
2018). Flat-field correction allows to reduce variations among pixels due to sensor or lighting
by using a region of the image with little spectral variation (i.e., the flat field) and a dark image

to normalize spectral values (Roberts et al., 1986). After visually comparing the results, flat-
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field correction was chosen as a pre-processing method.

The surface of the AOIs with artificial land cover was excluded by applying a mask based on
the “Carta Natura” produced by Italian regions (Papini et al., 2008; Capogrossi, Casella, et al.,
2013; Capogrossi, Laureti, & Angelini, 2013; Capogrossi, Laureti, Augello, et al., 2013;
Bagnaia et al., 2017; Casella et al., 2019; Cardillo et al., 2021; Ceralli, 2021).

2.4. Remote sensing data exploration

To explore the spectral separability of classes across the different remote sensing data sources,
ridgeline plots from the imageRy R package were used (Rocchini et al., 2025). To summarize
the information contained in the different spectral bands, for each remote sensing data source
(UAV, Google Earth, WorldView-3) a Principal Component Analysis was carried out on scaled
band values, selecting the first Principal Component (PC1) as the one explaining the highest
proportion of variance. Then, ridgeline plots were produced based on PC1 values, plotting the

distribution of pixel values for each class as represented in ground truth patches.

To better understand the performance of CNNs across sites and data sources, the relationship
between spectral variability in ground truth patches and variability in species composition was
explored. Spectral distance among vegetation plots was quantified by calculating the Euclidean
distance on the matrix of mean spectral band values extracted from ground truth patches.
Compositional similarity among plots was quantified using the Bray-Curtis similarity matrix
computed from the log-transformed species abundance matrix. The relationship between
spectral distance and species similarity was visualized using the hexbin R package (Carr et
al., 2008). To examine the relationship across different quantiles rather than across the whole
distribution, quantile regression was applied (Cade & Noon, 2003). Quantile regression allows
to reveal patterns in spectral distance decay otherwise underestimated by ordinary least squares
regression (Rocchini & Cade, 2008). Specifically, the quantreg R package was used
(Koenker, 1999), selecting quantiles T = 0.50, 0.75, 0.90, 0.99.

All exploratory analyses on spectral and compositional datasets were carried out using R 4.5.1

(R Core Team, 2025).
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2.5. Semantic segmentation using CNNs

2.5.1. CNN architecture

In this study, CNNs were used to perform semantic segmentation, i.e., to return predicted labels
for all pixels in the output map through a pixel-wise procedure. The CNN architecture used in
this study was based on the U-Net structure, which is an encoder-decoder model optimized to
perform well even with a low number of training images (Ronneberger et al., 2015). The U-
Net model is appropriate for semantic segmentation because it includes a first part with
convolutional layers, which reduce resolution (encoder), and a second part with transposed
convolutions to restore the original resolution (decoder). Here, the structure was optimized
based on preliminary experiments testing multiple numbers of layers, kernel sizes and strides.
The final model includes three convolutions (3x3 kernel with stride 1, padding “same”, and
HeNormal initialization for reducing the vanishing gradient and stabilizing the network) and
three transposed convolutions (again, using 3x3 kernel with stride 1, padding “same”, and
HeNormal initialization). Each layer was followed by a ReLu activation layer to compute the
node output and a Batch Normalization layer to reduce the internal covariate shift. A final

argmax layer assigns each pixel to the most probable class.

2.5.2. Patch extraction

Ground truth patches were extracted from the input remote sensing images in correspondence
to the field sampled plots (2 m x 2 m). Then, the patches were randomly partitioned into three
groups: training (80%), testing (10%) and validation (10%). Data augmentation was applied to
increase the training dataset, because the lack of training images is a major challenge in CNN
models and can result in network overfitting (Lalitha & Latha, 2022; Hao et al., 2023).
Specifically, two preprocessing layers were added to the training dataset, which respectively

performed random flips (horizontal and vertical) and random rotations.

2.5.3. CNN model training

Model training was performed separately for each remote sensing dataset and for each training
site, for a total of ten CNNss (Table 2). Categorical cross entropy was selected as loss function,
Adam as optimizer, the number of epochs was set to 50, the batch size to 8, and the learning
rate to 0.0002. The training was carried out using the Orfeo ToolBox Tensor Flow (OTBTF)

module (Cresson, 2019) of the Orfeo ToolBox (OTB) open-source library (Grizonnet et al.,
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2017), which is based on the Tensor Flow platform for machine learning (Abadi et al., 2015)
and on the Keras API (Chollet, 2015). To integrate the remote sensing processing capabilities
of OTB within Python-based workflows, the pyotb library was used as a Python wrapper.

Table 2. List of CNNs trained in this study.

RS data Type of CNN Training site  Input bands # CNN
A RGB CNN-01-rgb
) e multi CNN-01-multi
Ay site-specific . RGB CNN-02-rgb
multi CNN-02-multi
. RGB CNN-03-rgb
multi-site AB multi  CNN-03-multi
A RGB CNN-04-rgb
site-specific multi CNN-04-multi
WorldView-3 B RGB CNN-05-rgb
multi CNN-05-multi
. RGB CNN-06-rgb
multi-site AB multi  CNN-06-multi
site-specific A RGB CNN-07
Google Earth B RGB CNN-08
multiosite AB RGB CNN-09
Italy RGB CNN-10

2.5.4. Validation

The accuracy of habitat maps was assessed using validation ground truth data not used for
training. For each CNN, the following metrics were computed: overall accuracy, i.e. the
proportion of correctly classified pixels; precision, i.e. the proportion of pixels classified as
class 7 which actually belong to class #; recall, i.e. the proportion of pixels belonging to class i
which are classified as class i; and F1-score, i.e. the harmonic mean of precision and recall.
Notably, precision and recall correspond, respectively, to user’s accuracy and producer’s
accuracy in traditional remote sensing studies not involving deep learning (Maxwell et al.,

2021).
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3. Results

3.1. Exploration of remote sensing datasets

The ridgeline plots representing the distribution of values of the first principal component
(PC1) extracted from the different remote sensing datasets in the ground truth patches are in
Fig. 2. In all datasets, the curves for the sand class and the N 14 class partially overlap, although
the curve for sand is narrower, while the curve for N14 has a peak similar to sand and a long
asymmetrical tail. The curve for class N16, which is only present in pilot site A, is slightly
shifted with respect to N14 and more symmetrical. The curve for class N1B is generally well
separated from the other classes, while the sea class generally has a narrow curve, at the
opposite extreme of the range of values compared to sand. Overall, class overlap is smaller in
the UAV dataset and larger in the WorldView-3 and Google Earth datasets. Moreover, the
overlap increases when multiple sites are considered rather than single sites, with the highest

overlap being observed when considering all Italian patches.
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Fig. 2. Ridgeline plots representing the distribution of spectral values in ground truth patches in the
different remote sensing datasets: UAV (A-C), WorldView-3 (D-F) and Google Earth (G-J), for the pilot
site in Tuscany (A, D, G), the one in Sardinia (B, E, H), both pilot sites (C, F, 1), and all Italian sites (J).
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The relationship between spectral distance and compositional similarity between plots in the
Italian dataset is represented in Fig. 3. Most plot pairs exhibited low compositional similarity.
A negative relationship was observed particularly in the upper quantiles (z = 0.75, 0.90, 0.99):
in these cases, high compositional similarity occurred mainly at small spectral distances and

declined rapidly with increasing spectral distance.
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Fig. 3. Hexbin density plot of pairwise compositional similarity (calculated as 1 — Bray-Curtis
dissimilarity) versus spectral Euclidean distance among ground truth plots. Dashed lines show quantile

regression fits (7 = 0.50, 0.75, 0.90, 0.99).

3.2. Accuracy of the habitat maps

Maps produced from the different CNN models are displayed in Fig. 4. The detail in habitat
maps clearly decreases with coarser spatial resolutions (from UAV to WorldView-3 and
Google Earth images), while the confusion among classes generally increases. This is
particularly evident in the case of multi-site models trained on Google Earth data (i.e., CNN-

09 and CNN-10).
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Fig. 4. Close-up views on the maps derived from segmentation using different CNN models for the pilot

site in Tuscany (A) and Sardinia (B). See Table 2 for details on CNNS.
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The accuracy of habitat maps changed according to the type of remote sensing data used, both
in terms of spatial resolution and spectral bands, and according to the study area on which the
CNN was trained (Fig. 5; Table S2). In the pilot study, the maximum overall accuracy was
reached in site A using UAV data, especially when the single-site model was applied, either
using multispectral images (overall accuracy = 0.95) or only RGB bands (OA = 0.90). In
general, the inclusion of additional bands besides RGB improved classification performance,
for both UAV data (+0.05 in site A, +0.14 in site B, +0.08 in both sites) and WorldView-3 data
(+0.05 in site B).

Multi-site models were generally less accurate than single-site models, but with some
differences: for UAV data, multi-site models achieved intermediate accuracy (OA = 0.89)
between single-site models trained on site A (OA = 0.93) and site B (OA = 0.77). In contrast,
for Google Earth imagery, multi-site models trained on the two pilot sites (OA = 0.56) or on
all Italian sites (OA = 0.39) performed substantially worse than single-site models for both site

A (OA =0.64) and site B (OA = 0.70).
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Fig. 5. Overall accuracy of the habitat maps produced from CNNs trained on different sources of remote

sensing data and sites (pilot site A, pilot site B, both, all Italian sites). See Table 2 for details on CNNss.

As for class-specific accuracy values, there was a large difference among classes in terms of
F1-Score (Fig. 6), precision and recall (Table S3). In most cases, coastal dune scrub (habitat
N1B) was the habitat mapped with the highest accuracy. The sea class was also well
distinguished. In contrast, both sand and habitat N14 had generally low accuracy values and

were frequently confused. Habitat N16 was well identified with UAV data, while it achieved
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very low accuracy when WorldView-3 or Google Earth datasets were used.
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Fig. 6. Class-specific accuracy values for the different CNNs trained in this study (see Table 2 for

details).

4. Discussion

This study advances the understanding of how advanced image analysis methods, particularly
Convolutional Neural Networks (CNNs), can be effectively applied to habitat mapping in
highly challenging ecosystems such as coastal dunes, which are characterized by strong
environmental heterogeneity, small and fragmented vegetation patches, marked temporal
dynamics, and often intense human pressure. By assessing the generalization capabilities of
CNNs across multiple sites and remote sensing datasets with varying spatial resolutions and
spectral content, this study addresses a critical gap between methodological advances in deep

learning and their practical applicability for large-scale habitat mapping.
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4.1. Influence of spatial and spectral resolution on CNN applicability

The maximum level of accuracy achieved here is in line with other studies, which achieved a
value of 0.95 using airborne RGB imagery and additional data layers (Lansu et al., 2025), 0.88
using UAV (Pérez-Carabaza et al., 2021), 0.83 using hyperspectral data (Laporte-Fauret et al.,
2020), 0.78 using multispectral UAV (Suo et al., 2019), 0.78 combining UAV and

environmental predictors (Agrillo et al., 2023).

By comparing the accuracy of habitat maps produced using different spectral datasets, it was
possible to better understand which factors mainly affect CNN performance. The first factor is
spatial resolution: on average, maps derived from UAV data were the most accurate, reflecting
the high detail provided by these types of images. Recent research on CNNs for habitat
mapping also highlighted the importance of image spatial resolution aside from the data source,
for example with Google Earth images, where accuracy in tree mapping dropped from 0.93 at
0.13 mto 0.74 at 0.65 m (Watanabe et al., 2020), or with UAV images, where accuracy dropped
from 0.89 at 0.02 m to 0.62 at 0.32 m (Schiefer et al., 2020).

The contribution of spectral information to mapping accuracy depended on spatial resolution.
In general, adding spectral bands improved the results, as observed in other studies (Wolff et
al., 2023). For example, near-infrared bands have been demonstrated to improve freshwater
recognition on dunes (Lansu et al., 2025). However, the improvement was generally small for
UAYV imagery. This suggests that at hyperspatial resolutions, spatial context might outweigh
spectral information, confirming previous works that emphasize the potential of RGB sensors

(Kattenborn et al., 2019).

Interestingly, the largest difference between RGB and multispectral imagery was found for the
UAYV dataset of pilot site B, while the difference was much smaller for pilot site A. This may
be partly explained by differences in sensors used in the two cases: at site A, a single integrated
multispectral camera was used, while at site B, RGB and multispectral data were acquired using

two separate sensors, potentially introducing inconsistencies between datasets.

A slight difference was observed between single-site models trained on pilot sites A and B,
with generally better results for the former. It can reasonably be excluded that this difference
is due to the time interval between field data collection and image acquisition. Field surveys
were carried out in the same season in the two pilot sites (late spring 2018 for site A, late spring

2024 for site B), so that the phenological phase could not confound the relationship between
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species composition and spectral reflectance (Feilhauer & Schmidtlein, 2011). On the other
hand, site B is characterized by stronger anthropogenic pressure, which can generally cause

problems in habitat assignment (Sarmati et al., 2019).

In terms of class-specific performances, the results align with previous research indicating that
habitats characterized by a single dominant species (low a- and f-diversity) are easier to
classify using remote sensing, while species-rich habitats (high a-and f-diversity), are more

difficult to recognize, as far as the spectral component is considered (Jarocinska et al., 2023).

4.2. Multi-site applicability of CNNs

In this work, the generalization capabilities of dune habitat mapping models were tested
considering two cases. First, two pilot study areas were analyzed by comparing the results
produced by single-site and multi-site models. Subsequently, a test was performed at the
national scale. These results could guide the development of a standardized procedure for
coastal dune system analysis, as recently done for example for the Bulgarian Black Sea Coast

on the basis of UAVs, geological and vegetation surveys (Prodanov et al., 2025).

Results showed relatively good generalization capability of CNNs for the UAV and
WorldView-3 datasets, while for Google Earth images the generalization capability was poor.
In a study applying CNNs to Google Earth images, Watanabe et al. (2020) found that model
transferability was generally poor, and classification performance was strongly related to local
conditions. In contrast, Carbonneau, Dugdale, et al. (2020) produced highly transferable
models in a study on fluvial scene classification considering multiple sites worldwide, despite
radiometric differences within classes among sites caused by differences in vegetation spectral
signatures, local geology and different cameras. Good transferability has also been shown in
studies exploring tree crown detection, especially when a large and diverse training dataset is
used (Weinstein et al., 2020; Schiefer et al., 2020). This is in contrast with the fact that for
many classification methods, such as Random Forest, a high heterogeneity in training samples

negatively affects classification accuracy (Villoslada et al., 2020).

In the national-scale test, the classification performance was the lowest. Italian coastal dunes
are characterized by high heterogeneity in terms of vegetation composition and of dune
morphology (ISPRA, 2025a). This ecological heterogeneity is complicated by heterogeneity in

the imagery itself, caused by differences in illumination conditions, acquisition dates, sensor
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characteristics, which are especially great for Google Earth data and cannot be completely
solved by pre-processing procedures (Watanabe et al., 2020). These factors strongly reduce
spectral consistency within habitat classes, as also emerged from the ridgeline plots, limiting

CNN transferability across sites.

4.3. Uncertainties and future steps

A limitation of this work, common to most remote sensing applications, is the limited amount
of ground truth data available compared to the millions of images generally used in computer
vision for training a neural network from scratch (Ball et al., 2017). Further increasing the
training dataset with targeted field sampling could improve the generalization capabilities of
CNNs (Weinstein et al., 2020; Schiefer et al., 2020). Moreover, some studies suggest that

incorporating pre-trained models could possibly improve results (Rezaee et al., 2018).

Ancillary datasets, such as topographic information, can increase classification accuracy in
landcover and habitat mapping (Khatami et al., 2016), also on coastal dunes (Cruz et al., 2023),
in particular increasing the differentiation between shrubs and trees (Lansu et al., 2025). In
these ecosystems, indeed, vegetation is strongly linked with dune morphology (Bazzichetto et
al., 2016). However, these data are currently not available with enough spatial detail and
temporal update at the Italian scale, unlike for other cases such as the Netherlands (Lansu et
al., 2025), thus they were not included in this work. Some studies have hypothesized that a
raster of distance from the sea could be added as an input layer, considering that the sea-inland
gradient influences much of the variability in coastal dune vegetation (Tordoni et al., 2018;
Torca et al., 2019). However, adding this information has not always proved useful (Lansu et
al., 2025), and likely this would also happen in Italy, where coastal dune systems are highly
heterogeneous in terms of width (ISPRA, 2025a). Also, spectral diversity metrics, which have
been tested in pixel-based approaches to classification (Pafumi et al., 2023), could possibly be

used as additional input layers also in CNNs.

In this study, various remote sensing datasets were considered separately, to understand
differences among them in terms of applicability. However, these data sources could be
integrated in other ways, leveraging the complementary strengths of each (Pettorelli et al.,
2025; Alvarez-Martinez et al., 2026). For instance, UAVs can provide training and validation
data for unmixing satellite imagery having coarser spatial resolution but higher temporal

coverage, as demonstrated for rivers (Carbonneau, Belletti, et al., 2020) and wetlands (Alvarez-
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Vanhard et al., 2020). Incorporating multi-temporal information has also been shown to
improve habitat separability on coastal dunes. In a study carried out in central Italy using
Sentinel-2 images, land cover and vegetation classes showed different seasonal patterns of
spectral vegetation indices (Marzialetti et al., 2019) and temporal heterogeneity (Marzialetti et
al., 2020). Similarly, multi-temporal UAV imagery acquired during early, mid and late growing
seasons improved classification accuracy with respect to uni-temporal images in a study from

Ireland (Cruz et al., 2023).

A future step would include the analysis of temporal resilience of the models: depending on
the dynamism of the area, a model once trained can be valid for a different amount of time. For
example, for fluvial scenes it has been found that a biennial UAV acquisition is sufficient for

training CNN models using Sentinel-2 (Carbonneau, Belletti, et al., 2020).

Finally, this work focused on the natural vegetation of coastal dunes, considering the EUNIS
habitats described at the European level (Chytry et al., 2020). However, most dune systems in
Italy are highly affected by human activities, and disturbed situations are very common (Prisco
etal., 2012). A future step would specifically include non-natural vegetation types and consider
also invasive species, in accordance with recent research on the application of remote sensing

to monitor invasive plants on coastal dunes (Villalobos Perna et al., 2023).

5. Conclusion

This study aimed to test the applicability of CNNs, one of the most promising methods of image
analysis based on deep learning, to the mapping of coastal dune habitats over multiple sites.
CNNs proved effective in producing accurate habitat maps for these highly challenging

ecosystems, which are characterized by high spatial and temporal heterogeneity.

The generalization capability was relatively good for high-resolution data derived from UAV
sensors, while it decreased dramatically with Google Earth imagery, making a national-scale
application still challenging. Nonetheless, the findings suggest potential improvements, related
to broader acquisitions of ground truth data and UAV imagery, or multi-source and multi-
temporal data integration, to advance towards the objective of an effective broad-scale

monitoring of these fragile ecosystems.
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Synthesis and Perspectives

Key findings

In this thesis, spatial patterns of plant diversity and habitats on coastal dunes were explored to
identify gaps in current conservation efforts and to improve the evidence base for defining
conservation priorities, while developing effective and innovative tools for large-scale

identification and monitoring of these fragile ecosystems.

The key findings of this thesis strongly highlight the importance of integrating multiple
approaches to understand and protect biodiversity (Likens & Lindenmayer, 2012). Field-
collected plant community data were crucial for identifying priority sites which mainly
contribute to the regional biodiversity (Dubois et al., 2020). Even clearer indications emerged
when species identity was considered, distinguishing groups of species with different indicator
values (Del Vecchio et al., 2016; Prisco et al., 2016). In contrast, remotely sensed data proved
essential for producing effective habitat maps for broader extents, when supported by
appropriate ground truth data. The integration of in sifu data collection and remote sensing is
recognized as crucial not only for biodiversity monitoring, but also for gaining a full
understanding of plant diversity evolution and distribution, ecosystem resilience, land use

change dynamics and their drivers (Cavender-Bares et al., 2022).

A central aspect connected to the integration of multiple approaches is the consideration of
scale. The problem of scale is central in ecology: patterns of variability change with the scale
of observation, while the ecological processes determining these patterns can operate at
different scales (Levin, 1992). Biodiversity itself is scale-dependent since its measure is
influenced by the sampling effort and the scale of analysis (Whittaker, 1960, 1972; Chase et
al., 2018). The issue of scale, particularly spatial scale, recurs throughout this thesis and shapes
both the analytical choices and the interpretation of results. First, the analysis of regional plant
diversity partitioned across the spatial scales of analysis (from individual plots to sites and
regions) revealed differences in the scale at which ecological processes operate for different
species groups. In particular, the distribution of synanthropic and alien species was mainly
influenced by processes acting at fine scales (i.e., at the level of single beaches), while the

processes shaping typical dune species operated at larger scales, creating different communities
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among sites and regions, in accordance with patterns observed in other studies (Tordoni et al.,
2018). Local environmental conditions, indeed, can strongly influence invasibility on coastal
dunes (Carboni et al., 2011; Trotta et al., 2025). In addition, analyzing plant diversity at
different scales (a, f and y) made it possible to identify the best strategy for guiding
conservation efforts, i.e. favoring compositionally unique sites rather than simply focusing on

species-rich sites (Belote et al., 2021).

Remote sensing analyses further highlighted the importance of scale by showing that the
detectability and separability of coastal dune habitats depend strongly on the observation scale.
In this context, spatial scale encompasses both the grain size (i.e., pixel size) and the spatial
extent (Gamon et al., 2020). This thesis employed remote sensing data with multiple grain
sizes, ranging from 2 cm (UAV imagery; Chapter 3 and 4), to 20 cm (aerial imagery; Chapter
3), to 30-40 cm (Google Earth imagery; Chapter 3 and 4), to approximately 2 m (commercial
satellite imagery; Chapter 2, 3 and 4), and multiple spatial extents, from a single beach (Chapter
3), to multiple protected areas in the same region (Chapter 2), to a large set of sites distributed
along the Italian coastline (Chapter 4). Although the scale of remote observations changed
across these cases, ground truth data were based on a consistent plot size (2 m x 2 m), ensuring
compatibility across analyses and reflecting a scale that has already been identified as
appropriate for coastal dune habitats by previous researchers (Carboni et al., 2011; Sperandii
etal., 2018). The multi-scale comparisons revealed that very high-resolution data (such as from
UAV), combined with deep learning methods such as CNNs, provided the most accurate
representations of coastal dune habitats, while high-resolution imagery from satellites
benefited more from fuzzy classification methods, which allow sub-pixel representations, than

from the use of CNNSs.

The distinctiveness of the multiple plant communities of coastal dunes emerged clearly
throughout the research. Species such as Juniperus macrocarpa, Calamagrostis arenaria
subsp. arundinacea and Thinopyrum junceum, which are characteristic of different
communities along the dune zonation (Acosta et al., 2007), were the ones that contributed the
most to regional S-diversity (Chapter 1). Moreover, even the most compositionally unique
communities (i.e., those with significant LCBD values) at the regional scale occurred across
the entire coastal dune zonation, from annual communities of the drift line to inland dune
scrubs. The remote sensing studies (Chapters 2, 3 and 4) further confirmed the presence of

distinct communities, although in these cases formal definitions of the communities were
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adopted, following the Annex I of Habitats Directive (Council Directive 92/43/EEC) and the
EUNIS classification system (Davies & Moss, 1998). Even if these definitions did not allow
all sampled plots to be classified, leaving out various mixed plots, the studies revealed the

presence of four EUNIS habitats and eight Annex I habitat types.

Coastal dune habitats also varied in terms of vulnerability and detectability from remote
sensing data. For instance, the pioneer vegetation of drift lines, characterized by highly
specialized species like Cakile maritima, Salsola tragus, Convolvulus soldanella (Prisco et al.,
2012), made up many of the unique sites, indicating that it was rare in the region, in accordance
with findings by other authors (Bertacchi, 2017; Sperandii et al., 2019; Sarmati et al., 2019)
and with its vulnerability to erosion (Bazzichetto et al., 2020) and mechanical cleaning (Attorre
et al., 2013). As regards detectability, many factors influenced the accuracy of mapping for a
specific habitat: its diversity (i.e., habitats characterized by a single dominant species, with low
o- and S-diversity, were easier to map), its vegetation cover (i.e., habitats with higher vegetation
cover were easier to map), and growth form of the dominant species (i.e., habitats dominated
by taller growth form species were easier to map), in accordance with findings from other

studies (Bell et al., 2015; Jarocinska et al., 2023).

Despite these habitat-specific differences, the overall conservation of coastal dunes emerging
from the results of this thesis indicates some criticalities. In Tuscany, the most compositionally
unique sites corresponded to well-preserved aspects of coastal dune vegetation, suggesting they
were exceptions within a generally disturbed landscape. The remote sensing chapters did not
directly assess conservation status; nonetheless, anthropogenic pressure emerged as a possible
factor complicating habitat mapping in the most disturbed study areas. This situation is in line
with the broader scale: over 50% of dune habitats in Europe are reported to be in a bad
conservation status, and this value reaches 88% in Italy, with rapidly deteriorating trends
(European Environment Agency, 2020; Prisco et al., 2020). In Italy, intense human disturbance
affects several regions besides Tuscany, such as Veneto (Bezzi et al., 2018) and Lazio (e.g.,
Carboni et al., 2009; Malavasi et al., 2013), although some regions, such as Molise, still host
large patches of natural dunes (Drius et al., 2019). Similar declines have been documented in
Spain (Garcia-Lozano & Pint6, 2018; Gomez-Zotano et al., 2017), and in the eastern Adriatic,
especially in Croatia and Montenegro, while relatively good conditions remain in Albania (Silc
et al., 2016) and in the Netherlands, where coastal dunes are highly protected for their crucial

role as sea barriers (Keijsers et al., 2015).
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Implications for coastal dune conservation

The findings of this thesis bring out several implications for the conservation of coastal dunes.
First, the effectiveness of protection areas should be better investigated, as other studies have
suggested (Sperandii et al., 2020). Protected sites hosted a higher richness of typical dune
species compared to non-protected sites, suggesting a positive role of protection measures in
areas subjected to high anthropogenic pressure. However, the richness of synanthropic and
alien species was similar inside and outside protected areas, indicating the ineffectiveness of
protection measures in limiting the introduction of synanthropic or alien species from the
surroundings (Bazzichetto et al., 2018). This result highlights the importance of managing also
the unprotected areas, considering coastal areas as whole ecosystems deeply connected (Cox
& Underwood, 2011). Moreover, the fact that unique sites were located along the whole sea-
inland gradient suggests that conservation strategies should consider the whole coastal dune

zonation instead of focusing on single habitats (Acosta et al., 2009).

These results are particularly relevant in the context of assessing the effectiveness of the Natura
2000 network, which represents the largest conservation network worldwide, but whose
effectiveness remains only partially assessed due to limited data availability (European
Environment Agency, 2020). Several studies have shown limitations of the network both in
representing plant diversity (Dimitrakopoulos et al., 2004; Doxa et al., 2017) and in ensuring
its conservation over time (Sperandii et al., 2020), and the results of this thesis further support

the need to critically evaluate the contribution of Natura 2000 to dune conservation.

The distinct processes affecting typical dune species versus synanthropic and alien species
suggest that monitoring and conservation strategies should account for these differences. This
is especially important due to the wide extent of plant invasion and disturbance on coastal

dunes (Tordoni et al., 2021).

Finally, the results of this thesis show that, once the appropriate scales and methods of analysis
are determined, remote sensing can play an important role in producing accurate maps for
monitoring the extent of coastal dune habitats, their conservation status, and thus assessing the
effectiveness of the implemented conservation measures and supporting effective management

planning (Alvarez-Martinez et al., 2026).
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Future perspectives

The application of multiple methods of investigation and scales of analysis, ranging from the
analysis of plant taxonomic diversity at the plot, site, cross-sites and regional scales, to the use
of remote sensing data with multiple grain sizes, spatial extents and spectral resolutions for
habitat identification, has suggested that the integration of approaches and scales of
investigation is crucial for complete understanding and supporting conservation on coastal

dunes. However, this integration remains preliminary and could be advanced in future research.

The field-based prioritization approach used in this thesis could integrate remote sensing data
for larger-scale applications. In this way, broader-scale analyses could be performed,
expanding the study area from a single region for example to the national scale. Moreover, it
has been demonstrated that basing the prioritization on all biodiversity components, i.e., also
on functional and phylogenetic diversity rather than only on taxonomic diversity, can maximize

the protection of ecosystem services and minimize biodiversity loss (Girardello et al., 2019).

Even the use of remote sensing data for habitat mapping could be more integrated. Here,
different remote sensing datasets were used separately, carrying out comparisons to determine
their appropriateness, mainly in terms of spatial or spectral resolution, for different methods of
image analysis. However, the most promising research directions involve the use of multi-
source models, integrating sensors with complementary strengths (Pettorelli et al., 2025;
Alvarez-Martinez et al., 2026). For this purpose, machine learning, and deep learning in
particular, are highly useful since they allow the use of multiple input data with different

characteristics.

Among sources of remote sensing data, many others can be explored, such as LIDAR, Synthetic
Aperture Radar (SAR), and thermal imagery. For example, SAR systems, which provide
structural information unaffected by atmospheric effects, have proved useful for mapping
coastal salt marsh habitats (Van Beijma et al., 2014). Hyperspectral data can also produce
higher classification accuracy than multispectral images for mapping non-forest Annex I
habitats such as meadows, grasslands heaths and mires (Jarocinska et al., 2023). Moreover,
innovative sensors launched recently such as PRISMA are producing large amounts of data yet
to be explored (Cogliati et al., 2021). In the future also UAV data could become available on

large scales, opening new possibilities.
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Finally, these approaches can be integrated on the temporal dimension. In this thesis, the
temporal aspect emerged multiple times, but it was never completely explored. Multi-temporal
models can improve habitat mapping results, by considering the phenological differences
between vegetation types (Cruz et al., 2023). Moreover, the coastal dune ecosystem is highly
dynamic, thus remote sensing data hold great value given that they could be exploited for
performing large-scale monitoring, for measuring the magnitude of change and its rate, for
assessing its causes, and even for predicting future scenarios in a context of increasingly

dramatic global changes.
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Final remarks

This thesis highlights the importance of integrating multiple approaches and scales to
understand and support the monitoring and conservation of coastal dune ecosystems. Field-
based analysis of plant diversity patterns revealed that conservation priorities should focus on
compositionally unique sites, with typical dune species driving regional S-diversity. In
contrast, remote sensing tools provided robust tools for mapping habitats across larger scales,
demonstrating in particular that the most accurate representations can derive from combining
very high-resolution imagery with deep learning techniques, while fuzzy classification
approaches are more effective for representing dune vegetation patterns from coarser satellite
imagery. However, the high heterogeneity in ecological conditions and in data availability still

limits broad-scale national applications.

Overall, the findings underscore the importance of preserving the whole sea-inland zonation of
coastal dunes, improving the effectiveness of protected areas and choosing the appropriate
analytical scale for effective monitoring. Future efforts focusing on multi-source, multi-scale
and multi-temporal datasets could expand the analyses to broader spatial extents, supporting

the conservation of these highly dynamic and threatened habitats.
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Supplementary materials to Chapter 1

Table S1. List of the species found in the study area, assigned to the dune (D), synanthropic

(S) and alien (A) groups.

Species name Abbreviation Species group
Achillea maritima Ach_mar D
Ambrosia psilostachya Amb_ psi A
Anisantha rigida Ani_rig S
Anisantha rubens Ani_rub S
Anisantha sterilis Ani_ste S
Anisantha tectorum Ani_tec S
Anthemis maritima Ant mar D
Arbutus unedo Arb_une D
Arenaria serpyllifolia Are ser S
Arundo donax Aru_don A
Asparagus acutifolius Asp acu D
Atriplex sp. Atr_sp.

Avena barbata Ave bar S
Avena fatua Ave fat A
Avena sterilis Ave ste A
Blackstonia perfoliata Bla_per

Bolboschoenus maritimus Bol mar S
Brachypodium distachyon Bra dis D
Brachypodium sylvaticum Bra syl S
Cakile maritima Cak mar D
Calamagrostis arenaria subsp. arundinacea Cal aru D
Campanula rapunculus Cam_rap

Carex flacca Car fla

Carex sp. Car_sp.

Catapodium balearicum Cat bal

Catapodium hemipoa Cat_hem D
Centaurea aplolepa subsp. subciliata Cen_sub D
Centaurea sphaerocephala Cen_sph D
Centaurium erythraea Cen_ery S
Centaurium maritimum Cen_mar

Cerastium diffusum subsp. diffusum Cer_dif

Cerastium glomeratum Cer_glo S
Cerastium sp. Cer_sp.
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Chamaerops humilis
Chenopodium sp.
Cichorium intybus
Cistus creticus subsp. eriocephalus
Clematis flammula
Clematis vitalba
Clinopodium nepeta
Convolvulus soldanella
Convolvulus sp.
Crepis foetida

Crepis sp.

Crithmum maritimum
Crucianella maritima
Cuscuta sp.

Cutandia maritima
Cynanchica pyrenaica subsp. cynanchica
Cynodon dactylon
Cyperus capitatus
Dactylis glomerata
Daphne gnidium
Daphne sericea
Daucus pumilus
Daucus sp.

Dittrichia viscosa
Echinophora spinosa
Elymus repens
Equisetum ramosissimum
Erica multiflora
Erigeron canadensis
Erigeron sumatrensis
Eryngium maritimum
Euphorbia barrelieri
Euphorbia paralias
Euphorbia peplis
Euphorbia peplus
Festuca fasciculata
Fumaria bicolor
Galatella tripolium
Galium murale
Geranium purpureum
Geranium pusillum

Cha_hum
Che_sp.
Cic_int
Cis_eri
Cle fla
Cle vit
Cli_nep
Con_sol
Con_sp.
Cre foe
Cre_sp.
Cri_mar
Cru_mar
Cus_sp.
Cut_mar
Cyn_cyn
Cyn_dac
Cyp_cap
Dac glo
Dap gni
Dap_ser
Dau pum
Dau_sp.
Dit vis
Ech spi
Ely rep
Equ ram
Eri_mul
Eri_can
Eri_sum
Ery mar
Eup bar

Eup par
Eup_pep
Eup pepl
Fes fas
Fum_bic
Gal_tri
Gal_mur
Ger_pur
Ger_pus
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Glaucium flavum

Hedera helix

Hedypnois rhagadioloides
Helichrysum stoechas
Hypochaeris achyrophorus
Hypochaeris glabra
Hypochaeris radicata
Imperata cylindrica
Jacobaea maritima
Juncus acutus

Juncus bufonius

Juncus inflexus

Juncus tenageia
Juniperus macrocarpa
Juniperus turbinata
Lagurus ovatus

Lamium purpureum
Lamium sp.

Limbarda crithmoides subsp. longifolia
Limonium multiforme
Linum corymbulosum
Linum sp.

Linum strictum

Linum tenuifolium
Lomelosia rutifolia
Lonicera implexa

Lotus cytisoides

Lotus hirsutus

Lysimachia arvensis
Marcus-kochia ramosissima
Maresia nana

Matthiola sinuata
Medicago littoralis
Medicago lupulina
Medicago marina
Medicago minima
Medicago rigidula
Medicago sp.

Mentha suaveolens subsp. suaveolens
Myosotis arvensis

Myrtus communis

Gla fla
Hed hel
Hed rha
Hel sto
Hyp ach
Hyp_gla
Hyp rad
Imp cyl
Jac_mar
Jun_acu
Jun_buf
Jun_inf
Jun ten
Jun mac
Jun tur
Lag ova
Lam pur
Lam sp.
Lim_lon
Lim_mul
Lin_cor
Lin_sp.
Lin_str
Lin_ten
Lom rut
Lon_imp
Lot cyt
Lot hir
Lys arv
Mar_ram
Mar nan
Mat_sin
Med lit
Med lup
Med mar
Med min
Med rig
Med_sp.
Men_sua
Myo_arv
Myr com
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Odontites luteus
Oenothera sp.
Onobrychis caput-galli
Ononis reclinata
Ononis variegata
Orobanche minor
Orobanche sp.

Osyris alba
Pancratium maritimum
Papaver rhoeas
Parapholis incurva
Paspalum vaginatum
Petrorhagia prolifera
Phalaris canariensis
Phillyrea angustifolia

Phleum arenarium subsp. caesium

Phragmites australis
Pinus pinaster

Pinus pinea

Pistacia lentiscus
Pittosporum tobira
Plantago coronopus
Poa bulbosa
Polycarpon sp.
Polygonum maritimum
Polypogon subspathaceus
Quercus ilex

Quercus suber
Raphanus raphanistrum
Raphanus sp.
Reichardia picroides
Reseda alba

Rhamnus alaternus
Rubia peregrina
Rubus ulmifolius
Ruscus aculeatus
Sabulina tenuifolia
Salsola tragus

Salvia rosmarinus
Samolus valerandi
Schoenus nigricans

Odo_lut
Oen_sp.
Ono_cap
Ono_rec
Ono_var
Oro_min
Oro_sp.
Osy alb
Pan_mar
Pap rho
Par_inc
Pas vag
Pet pro
Pha can
Phi_ang
Phl cae
Phr aus
Pin_pina
Pin_pin
Pis_len
Pit tob
Pla cor
Poa_bul
Pol sp.
Pol mar
Pol sub
Que ile
Que_sub
Rap rap
Rap_sp.
Rei_pic
Res alb
Rha ala
Rub per
Rub_ulm
Rus acu
Sab_ten
Sal tra
Sal ros
Sam_val
Sch nig

> O »n "
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v OO wnwn nwn O O T wn O »> O » T

O O

133



Scirpoides holoschoenus
Seseli tortuosum
Sherardia arvensis
Silene canescens

Silene otites

Silene sp.

Smilax aspera

Solanum nigrum
Solanum sp.

Solidago virgaurea subsp. litoralis

Sonchus asper
Sonchus bulbosus
Sonchus oleraceus
Sonchus sp.
Sporobolus pumilus
Sporobolus virginicus
Stachys arvensis
Stachys major
Stachys maritima
Tamarix gallica
Tamarix sp.

Teucrium capitatum
Teucrium flavum subsp. flavum
Thinopyrum junceum
Trifolium campestre
Trifolium dubium
Trifolium sp.
Trifolium striatum
Tripidium ravennae
Tuberaria guttata
Urospermum dalechampii
Verbascum sinuatum
Vicia bithynica

Vicia narbonensis
Xanthium orientale
Yucca gloriosa

Sci_hol
Ses_tor
She arv
Sil _can
Sil oti
Sil sp.
Smi_asp
Sol nig
Sol_sp.
Sol lit
Son_asp
Son_bul
Son ole
Son_sp.
Spo_pum
Spo_vir
Sta arv
Sta_maj
Sta mar
Tam_gal
Tam_sp.
Teu cap
Teu fla
Thi_jun
Tri_cam
Tri_dub
Tri_sp.
Tri_str
Tri rav
Tub_gut
Uro_dal
Ver_sin
Vic bit
Vic_nar
Xan_ori
Yuc glo
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Table S2. Results of beta regression analysis of LCBD with landscape variables, performed
separately for the North (pseudo-R? = 0.29) and the South (pseudo-R? = 0.06) of the region.

Estimate  Std. Error z value Pr(>|z|)
North
(Intercept) -5.59 0.02 -368.28 <0.01
Sea distance -0.01 0.01 -9.81 <0.01
Slope -0.01 0.01 -2.71 <0.01
%ART 0.01 0.01 2.34 0.02
%WTC 0.09 0.03 291 <0.01
Distance to 0.01 0.01 2.96 <0.01
ART
South
(Intercept) -5.33 0.01 -485.08 <0.01
Slope -0.01 0.01 -2.21 0.03
Distance to 0.01 0.01 2.78 <0.01
ART
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Fig. S1. Local Contributions to Beta Diversity for the plots in the study area, computed
separately for the North and the South of the region, and colored according to the protection
status. Only plots with a significant LCBD value (p < 0.05) are shown. Image source: Google
Earth 2024. Figure adapted from the published version of Chapter 1 (colors modified).
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Fig. S2. Output of NMDS ordination, derived from Bray-Curtis similarity matrix based on log-

transformed species abundances (stress

0.18). Sites were colored according to the

significance of their LCBD values. Site n. 472 was removed from the plot for graphical reasons.
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Fig. S3. Output of NMDS ordination, derived from Bray-Curtis similarity matrix based on log-
transformed species abundances, for the plots with significant LCBD values computed
separately for the Northern (a; stress = 0.09) and Southern (b; stress = 0.25) parts of the region.
Plots are colored according to the protection status. Species names were abbreviated as reported

in Table S1. Figure adapted from the published version of Chapter 1 (colors modified).
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Supplementary materials to Chapter 2

Table S1. Indicator species for the Annex I habitats obtained from expert classification.

Habitat Indicator Species IndVal p value
1210  Salsola tragus 0.97 0.01**
Cakile maritima 0.94 0.01**
2110  Thinopyrum junceum 0.86 0.01**
Polygonum maritimum 0.53 0.01%*
Achillea maritima 0.48 0.04*
Sporobolus pumilus 0.45 0.05%*
2120 Calamagrostis arenaria subsp. arundinacea 0.99 0.01**
2210 Helichrysum stoechas 0.82 0.01%*
2230 Festuca fasciculata 0.82 0.01**
Marcus-kochia ramosissima 0.79 0.01**
Lagurus ovatus 0.71 0.01**
Cerastium glomeratum 0.70 0.01**
Phleum arenarium subsp. caesium 0.68 0.01*
Medicago littoralis 0.58 0.02*
Lomelosia rutifolia 0.55 0.01*
Silene canescens 0.50 0.03*
2250  Juniperus macrocarpa 1.00 0.01**
Smilax aspera 0.67 0.01*
Rubia peregrina 0.64 0.02*

139



Table S2. Indicator species for the EUNIS habitats obtained from EUNIS Expert System.

Habitat Indicator Species IndVal p value
N12  Cakile maritima 0.95 0.01**
Salsola tragus 0.87 0.01**
Euphorbia peplis 0.51 0.03*
N14  Calamagrostis arenaria subsp. arundinacea 0.82 0.01**
Echinophora spinosa 0.66 0.02*
Euphorbia paralias 0.63 0.01**
Eryngium maritimum 0.55 0.05*
N16  Festuca fasciculata 0.76 0.01**
Lomelosia rutifolia 0.75 0.01**
Cerastium glomeratum 0.66 0.01**
Marcus-kochia ramosissima 0.58 0.01**
Medicago littoralis 0.55 0.04*
Silene canescens 0.55 0.02*
Phleum arenarium subsp. caesium 0.51 0.03*
NI1B  Juniperus macrocarpa 1.00 0.01**
Smilax aspera 0.76 0.01**
Rubia peregrina 0.76 0.01**
Pinus pinaster 0.57 0.01**
Pistacia lentiscus 0.56 0.01**
Rubus ulmifolius 0.50 0.01%*
Brachypodium sylvaticum 0.41 0.01*
Quercus ilex 0.41 0.03*
Teucrium flavum subsp. flavum 0.41 0.03*
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Fig. S1. Close-up of the fuzzy Spectral Angle Mapper classified maps in a portion of the
Maremma Park. The represented classes correspond to expert-classified Annex I habitats (A),

clusters obtained from noise clustering (B), and EUNIS habitats (C).
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Fig. S2. Close-up of the fuzzy Multiple Endmember Spectral Mixture Analysis classified maps
in a portion of the Maremma Park. The represented classes correspond to expert-classified

Annex [ habitats (A), clusters obtained from noise clustering (B), and EUNIS habitats (C).
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Fig. S3. Close-up of two areas: one more heterogeneous in the Maremma Park (A), and the
other more homogeneous in the Migliarino-San Rossore-Massaciuccoli Park (B). For each

area, a map of spectral Rao heterogeneity (calculated in a moving window of 7 x 7 pixels) is

represented.

143



Natura 2000

=20 m

Natura 2000

=20m

Natura 2000

Probability

Probability
surplus index

0.75
0.50
0.2s

0.00

Noise clusters

=20 m

Noise clusters

=20 m

Noise clusters

Probability
08

y 06

Probability
surplus index

0.25

0.00

EUNIS

=20 m

EUNIS
ﬁ'. “,.' e "l‘".
AR

Probability
0.75
0.50
0.25

0.00

Probability
surplus index
1.00

e 0.75
0.50
0.25
0.00

Probability Probability Probability
surplus index surplus index surplus index
P 0.08
0.08
0.04
0.04
0.02 ot
=20 m =zZ0m =20 m
Natura 2000 Noise clusters EUNIS
RMSE RMSE RMSE
125
100
75
50

=20 m

=20 m

=20 m

Fig. S4. Maps of classification uncertainty for a portion of the Maremma Park (represented in
Fig. 6A). Uncertainty was measured as the probability of the dominant class for the crisp
Random Forest classification (A), as the probability surplus index for the fuzzy Random Forest
classification (B) and the Spectral Angle Mapper (C), and as the Root Mean Square Error
(RMSE) for the Multiple Endmember Spectral Mixture Analysis classification (D). The left
column displays maps of Annex I habitats, the middle column displays clusters obtained from

noise clustering and the right column EUNIS habitats.
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Fig. S5. Maps of classification uncertainty for a portion of the Migliarino-San Rossore-
Massaciuccoli Park (represented in Fig. 6D). Uncertainty was measured as the probability of
the dominant class for the crisp Random Forest classification (A), as the probability surplus
index for the fuzzy Random Forest classification (B) and the Spectral Angle Mapper (C), and
as the Root Mean Square Error (RMSE) for the Multiple Endmember Spectral Mixture
Analysis classification (D). The left column displays maps of Annex I habitats, the middle

column displays clusters obtained from noise clustering and the right column EUNIS habitats.
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Fig. S6. Principal component analysis of the field-sampled plots on coastal dune habitats in the

Migliarino-San Rossore-Massaciuccoli Park based on their spectral characteristics. Plots have

different shapes depending on their being pure or mixed and are colored according to their

probability of membership to each habitat in the Habitats Directive classification (A), noise

clustering (B) and EUNIS classification (C). In each biplot, the red polygon indicates plots

identified as belonging to the specific habitat according to the habitat classification.
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Supplementary materials to Chapter 3
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w128 o 256 = tconv 3x3, softmax
% ¢ -
I - I - tconv 3x3, argmax
o~ o™~
B Patches 3 64 128 256 128 64 n_class 1
. o ' - " » - - - -
1E= o o =] =} o o o
* * * * * *® * *
A s e & = g & e =

(each 10x10x3)

Fig. S1. Scheme of the CNN architecture used in this study for the UAV dataset (A) and for
the other datasets (B). Reported patch sizes correspond to those used in CNN-01 (A) and CNN-
03 (B).
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Fig. S2. Validation loss of CNN models trained on different datasets across learning epochs.

legend ~ sand I N14 T Nie [ N1B 77 sea

Fig. S3. Close-up views of the habitat maps produced through CNN segmentation of
multispectral imagery from three datasets: UAV (A), airborne (B), and WorldView-3 (C).
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Fig. S4. Habitat maps of the whole study area produced from CNN models trained on different

datasets.
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Fig. S6. Class-specific accuracy metrics for each CNN model: precision (i.e., proportion of
true positives over all classified positives), recall (i.e., proportion of true positives over all

actual positives) and F1-score (i.e., harmonic mean of precision and recall).

100 -

75
§ | EUNIS habitat
f -
g B3 N14
o oy ° E N16
[
= N1B
2 =

25 - |

0..

150



Fig. S7. Boxplot of the total vegetation cover recorded in the field-surveyed plots, assigned to

three EUNIS habitats: shifting dunes (N14), dune grasslands (N16), and dune scrub (N1B).

0 10 20m Legend sand [ N14 [0 N16 HE N1B [0 sea

Fig. S8. Close-up views of the habitat maps produced from CNN-01 (A-D) and CNN-02 (E-
H). The panels represent the output map before (A, E) and after (B-D, F-H) a post-processing
step, consisting in the application of a sieve filter removing patches with < 25 pixels (B, F), <

100 pixels (C, G), and < 250 pixels (D, H).
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Table S1. Confusion matrices for CNN models. Real ground truth classes are reported on the

rows, predicted values are reported on the columns. Values on the diagonal represent correct

classifications.
CNN-01 CNN-06

sand N14 NI16 NIB sand N14 N16 NIB sea
sand 17 3 . . sand 20
N14 3 16 1 ) N14 20 ) ) ) )
Ni6 . 1 18 1 N16 16 . 2 . 2
NIiB . 1 . 19 NIB 11 ) 5 2 2

sea . . . . 10

CNN-02 CNN-07

sand N14 NI16 NIB sand N14 NI16 NIB sea
sand 17 1 ) . sand 20 . ) )
N14 2 17 1 . N14 10 6 1 . 3
N16 . . 19 1 N16 ) ) 12 4 4
NIB . i ) 20 NIB 2 . ) 18 )

sea . . . . 10

CNN-03

sand NI14 NI16 NIB sea
sand 20 )
N14 7 8 5
N16 1 ) 19 )
NIB . . 1 19 )
sea . . . . 20
CNN-04

sand NI14 NI16 NIB sea
sand 20 )
N14 3 15 2 )
N16 1 . 18 1
NIiB . ) ) 20 )
sea . . . . 20
CNN-05

sand NI14 NI16 NIB sea
sand 17 ) 3
N4 6 11 3
Ni6 2 3 15 )
NIB . 3 ) 17 )
sea . . . . 20
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Table S2. Percentage cover of each class in the maps of the study area produced by the

CNN models trained on different datasets.

CNN sand (%) N14 (%) N16 (%) NI1B (%) sea (%)
CNN-01 17.76 19.79 50.19 18.24 -
CNN-02 10.13 24.42 47.71 17.73 -
CNN-03 22.01 9.09 51.15 17.57 0.16
CNN-04 20.11 13.44 40.77 25.49 0.18
CNN-05 19.03 17.49 48.62 14.61 0.24
CNN-06 85.05 0.02 7.66 4.25 3.01
CNN-07 19.84 4.18 28.93 36.64 10.39

Table S3. Accuracy metrics for habitat maps derived from UAV imagery, before and
after applying post-processing sieve filters (25, 100, 250 pixels).

CNN sieve overall accuracy F1-Score
sand N14 N16 N1B
CNN-01 no 0.88 0.85 0.78 0.92 0.95
25 0.90 0.90 0.84 0.93 0.92
100 0.90 0.90 0.84 0.93 0.92
250 0.90 0.90 0.84 0.93 0.92
CNN-02 no 0.94 0.93 0.89 0.95 0.98
25 0.94 0.93 0.90 0.97 0.95
100 0.94 0.93 0.90 0.97 0.95
250 0.94 0.93 0.92 0.95 0.95
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Supplementary materials to Chapter 4

Table S1. List of areas of interest (AOIs), with centroid coordinates and the date of the

corresponding image downloaded from Google Earth.

AOI Region Locality Lat Lon Image date
cam 00 Campania Lago Patria 4091710 14.02529  06-06-22
cam 01 Campania Licola 40.85380 14.05069  09-04-21
cam 02 Campania Licola 40.84560 14.05072  09-04-21
cam 03 Campania Licola 40.83740 14.05071  09-04-21
cam 04 Campania Licola 40.82921 14.05071  09-04-21
cam_05 Campania Lago Fusaro 40.82122 14.05071  09-04-21
emi 00 Emilia-Romagna  Bardello 44.53468 12.23689  01-06-23
emi_ 01 Emilia-Romagna  Lido di Spina 44.64324 12.25721  11-06-23
emi 02 Emilia-Romagna  Lido di Volano 44.80694 12.27630  01-06-24
laz 00  Lazio Tarquinia-Pescia 4237411 11.46163  02-07-19
laz 01  Lazio Tarquinia-Pescia 4237050 11.47273  02-07-19
laz 02  Lazio Tarquinia-Pescia 4236697 11.48375  02-07-19
laz 03  Lazio Tarquinia-Pescia 4231629 11.59432  02-07-19
laz 04 Lazio Tarquinia-Pescia 4230908 11.60870  02-07-19
laz 05 Lazio Tarquinia-Pescia 4229989 11.62544  02-07-19
laz 06  Lazio Tarquinia-Pescia 42.28873 11.64290  02-07-19
laz 07 Lazio Lido di Maccarese 41.87160 12.17883  26-04-18
laz 08  Lazio Coccia di Morto 41.80409 12.21910  26-04-18
laz 09  Lazio Coccia di Morto 41.79675 12.22254  26-04-18
laz 10  Lazio Coccia di Morto 41.78870 12.22456  26-04-18
laz 11  Lazio Coccia di Morto 41.78112 12.22630  26-04-18
laz 12 Lazio Capocotta (Ostia) 41.68254 12.38170  26-04-18
laz 13  Lazio Capocotta (Ostia) 41.67573 12.389057  26-04-18
laz 14  Lazio Capocotta (Ostia) 41.66890 12.39870  26-04-18
laz 15 Lazio Capocotta (Ostia) 41.66324 12.40842  26-04-18
laz 16  Lazio Capocotta (Ostia) 41.65343 12.42260  26-04-18
laz 17  Lazio Tor San Lorenzo 41.55665 12.53331  26-04-18
laz 18  Lazio Tor San Lorenzo 41.54562 12.54384  26-04-18
laz 19  Lazio Tor San Lorenzo 41.52889 12.55883  26-04-18
laz 20  Lazio Tor San Lorenzo 41.51352 12.57308  26-04-18
laz 21  Lazio Torre Astura 41.42383 12.74239  26-04-18
laz 22 Lazio Torre Astura 41.41875 12.75268  26-04-18
laz 23  Lazio Circeo 41.39775 12.89190  25-07-19
laz 24  Lazio Circeo 41.39316 12.90262  25-07-19
laz 25  Lazio Circeo 41.38331 12.91954  25-07-19
laz 26  Lazio Circeo 41.37439 12.93199  25-07-19
laz 27  Lazio Circeo 41.35084 12.96576  25-07-19
laz 28  Lazio Circeo 41.33083 12.98627  25-07-19
laz 29  Lazio Circeo 41.32358 12.99197  25-07-19
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laz_30
laz 31
laz 32
laz_33
laz 34
laz_35
laz_36
laz 37
laz_38
mol 00
mol 01
mol 02
mol 03
mol 04
mol 05
mol 06
mol 07
mol 08
mol 09
mol 10
mol 11
mol 12
mol 13
sar_ 00
sar 01
sar 02
sar 03
sar 04
sar_05
sar_ 06
sar 07
sar 08
sar 09
sic_00
sic 01
sic_ 02
sic 03
sic 04
sic 05
sic 06
sic_ 07
sic_15
sic_16
sic 17
sic 18
sic 19
sic 20
sic 21

Lazio
Lazio
Lazio
Lazio
Lazio
Lazio
Lazio
Lazio
Lazio
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Molise
Sardegna
Sardegna
Sardegna
Sardegna
Sardegna
Sardegna
Sardegna
Sardegna
Sardegna
Sardegna
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia
Sicilia

Circeo

Circeo

Circeo

Circeo

Circeo

Circeo

Circeo

Sperlonga
Sperlonga

A Nord di Termoli
A Nord di Termoli
A Nord di Termoli
A Nord di Termoli
A Nord di Termoli
A Nord di Termoli
A Nord di Termoli
A Sud di Termoli
A Sud di Termoli
A Sud di Termoli
A Sud di Termoli
A Sud di Termoli
A Sud di Termoli
A Sud di Termoli
Sa Mesa Longa

Sa Rocca Tunda
Sa Rocca Tunda
Platamona
Platamona
Platamona
Platamona

Capo Testa
Spiaggia del Liscia
La Maddalena
Capo Feto
Puzziteddu

Foce Belice

Porto Palo
Vittoria
Roccazzelle

Passo Marinaro
Punta Braccetto
Simeto

Simeto

Simeto

Simeto

Simeto

Simeto

Simeto
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41.31534
41.30434
41.29712
41.28331
41.27593
41.26608
41.25251
41.29071
41.27611
42.03891
42.03456
42.03044
42.02706
42.02172
42.01477
42.01106
41.99100
41.96608
41.94695
41.93646
41.93318
41.93026
41.92667
40.04751
40.04324
40.04324
40.81848
40.81996
40.82991
40.83217
41.23669
41.19253
41.24350
37.65911
37.56159
37.58494
37.57621
37.57618
37.09546
36.85921
36.82711
37.34771
37.37932
37.38706
37.39921
37.41092
37.41854
37.43025

12.99977
13.00677
13.01310
13.02012
13.02549
13.02962
13.03602
13.33931
13.39272
14.84519
14.85625
14.86660
14.88143
14.89816
14.93828
14.95788
15.00570
15.04562
15.07098
15.09104
15.10170
15.11964
15.13317
8.40075

8.41052

8.42196

8.47421

8.50067

8.55913

8.56995

9.16166

9.31562

9.39981

12.52855
12.67949
12.85936
12.91221
12.92231
14.16021
14.46313
14.45935
15.09135
15.08745
15.08736
15.08717
15.08761
15.08767
15.08748

25-07-19
25-07-19
25-07-19
25-07-19
25-07-19
25-07-19
25-07-19
13-06-22
13-06-22
12-04-22
12-04-22
12-04-22
12-04-22
12-04-22
12-04-22
12-04-22
29-06-16
29-06-16
29-06-16
29-06-16
29-06-16
29-06-16
29-06-16
14-05-22
14-05-22
14-05-22
28-04-22
28-04-22
28-04-22
28-04-22
11-05-22
03-07-23
21-02-24
24-02-25
01-02-23
28-03-24
18-10-23
18-10-23
18-01-24
03-03-22
03-03-22
22-05-22
02-03-22
02-02-24
02-02-24
12-03-21
02-02-24
02-02-24



sic 22
tos 00
tos 02
tos 03
tos 04
tos 05
tos_06
tos_07
tos 08
tos_09
tos 10
tos 11
tos 12
tos 13
tos 14
tos 15
tos 16
tos 17
tos 18
tos 19
tos 20
tos 21
tos 22
tos 23
tos 24
tos 25
tos 26
tos 27
tos 28
tos 29
tos 30
tos 31
tos 32
tos 33
tos 34
tos 35
tos 36
tos 37
tos 41
tos 42
tos 43
tos 58
tos_59
tos 60
tos 61
tos_62
tos 63
tos 64

Sicilia

Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana

Simeto
Collelungo
Torre del Lago
Torre del Lago
Torre del Lago
Torre del Lago
Torre del Lago
Selva Pisana
Selva Pisana
Selva Pisana
Selva Pisana
Selva Pisana
Selva Pisana
Selva Pisana
Selva Pisana
Selva Pisana
Calambrone
Calambrone
Calambrone
Rosignano
Rosignano
Vada

Cecina

Marina di Bibbona
Marina di Bibbona

Bolgheri
Bolgheri
Bolgheri
Bolgheri

Castagneto Carducci
Castagneto Carducci
Castagneto Carducci

San Vincenzo
San Vincenzo
San Vincenzo
Rimigliano
Rimigliano
Rimigliano
Sterpaia
Sterpaia
Follonica

Parco Maremma
Parco Maremma
Parco Maremma
Giannella
Giannella
Giannella
Giannella
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37.44022
42.63581
43.84409
43.83605
43.82804
43.82062
43.81259
43.80476
43.79651
43.78844
43.77559
43.76692
43.73925
43.73054
43.72243
43.71441
43.60986
43.60270
43.59467
43.37876
43.37005
43.34191
43.25978
43.23999
43.23118
43.21932
43.21061
43.20226
43.19199
43.18326
43.17462
43.16607
43.15323
43.14467
43.13636
43.04860
43.03101
43.02225
42.95039
42.94896
42.93434
42.64501
42.64123
42.63040
42.47067
42.46182
42.45298
42.43776

15.08730
11.07292
10.24844
10.25120
10.25470
10.25920
10.26219
10.26451
10.26701
10.26862
10.27139
10.27280
10.27964
10.27887
10.28088
10.28091
10.29179
10.29406
10.29601
10.43809
10.44353
10.45676
10.51898
10.52838
10.53023
10.53388
10.53431
10.53543
10.54014
10.54015
10.54014
10.54016
10.54234
10.54223
10.54237
10.53060
10.52581
10.52353
10.67988
10.69129
10.72881
11.04840
11.06004
11.08422
11.18975
11.18535
11.18063
11.16695

02-02-24
26-04-23
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
13-06-19
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
05-04-22
01-04-20
01-04-20
01-04-20
26-04-23
26-04-23
10-04-22
10-04-22
10-04-22
10-04-22
10-04-22



tos_65
tos_66
tos 67
tos 68
tos_69
tos 70
tos 71
tos 72
tos 73
tos 74
tos_75
tos_76
tos 77
tos 78
tos_79
tos 80
ven_00
ven 01
ven 02
ven_03
ven_04
ven_05
ven_06
ven_07
ven (09

Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Toscana
Veneto
Veneto
Veneto
Veneto
Veneto
Veneto
Veneto
Veneto
Veneto

Feniglia
Feniglia
Feniglia
Feniglia
Feniglia
Feniglia
Capalbio
Capalbio
Capalbio
Burano
Burano
Burano
Burano
Burano
Burano
Burano
Brussa
Brussa
Brussa
Brussa

Capalonga

Ca' Savio
Barricata
Barricata
Rosolina

42.41299
42.41769
42.42080
42.42279
42.42278
42.41952
42.40863
42.40546
42.40397
42.40191
42.39965
42.39820
42.39524
42.39029
42.38387
42.38119
45.61642
45.61921
45.62168
45.62377
45.62764
45.44013
44.85722
44.86707
45.09824

11.21620
11.22785
11.23950
11.25120
11.26284
11.27446
11.30728
11.32409
11.34101
11.35257
11.36422
11.37580
11.38728
11.40621
11.43037
11.44119
12.92618
12.93717
12.94801
12.95909
12.98392
12.45333
12.47231
12.47764
12.33284

29-04-22
29-04-22
29-04-22
29-04-22
29-04-22
29-04-22
02-07-19
02-07-19
02-07-19
02-07-19
02-07-19
02-07-19
02-07-19
02-07-19
02-07-19
02-07-19
26-06-17
26-06-17
26-06-17
26-06-17
26-06-17
29-07-21
01-06-24
01-06-24
26-07-23
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Table S2. Summary accuracy metrics: overall accuracy (OA), Kappa, average

precision (AP), average recall (AR) and average F1-Score (AF).

CNN Site OA Kappa AP AR AF

cnn-01-rgb A 0.90 0.87 0.90 0.90 0.90
cnn-0l-multi A 0.95 0.93 0.96 0.95 0.95
cnn-02-rgb B 0.73 0.60 0.85 0.73 0.68
cnn-02-multi B 0.87 0.80 0.87 0.87 0.87
cnn-03-rgb AB  0.86 0.81 0.89 0.88 0.87
cnn-03-multi  AB 091 0.88 0.93 0.93 0.93

cnn-04-rgb A 0.64 0.55 0.58 0.64 0.59
cnn-04-multi A 0.64 0.55 0.54 0.64 0.56
cnn-05-rgb B 0.65 0.53 0.49 0.65 0.56

cnn-05-multi B 0.70 0.60 0.61 0.70 0.63
cnn-06-rgb AB  0.69 0.61 0.74 0.72 0.71
cnn-06-multi  AB  0.69 0.61 0.68 0.72 0.67

cnn-07 A 0.64 0.55 0.55 0.64 0.58
cnn-08 B 0.70 0.60 0.58 0.70 0.62
cnn-09 AB  0.56 0.46 0.68 0.60 0.55
cnn-09 Ita 0.38 0.22 0.36 0.41 0.31
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Table S3. Class-specific accuracy metrics.

CNN Site Class Precision Recall F1-Score
sand 1.00 0.60 0.75

N14 0.71 1.00 0.83

01-rgb A N16 1.00 1.00 1.00
NIB 1.00 1.00 1.00

sand 1.00 0.80 0.89

. N14 0.83 1.00 0.91
Ol-multi A N16 1.00 1.00 1.00
NIB 1.00 1.00 1.00

sand 1.00 0.20 0.33

02-rgb B N14 0.56 1.00 0.71
NIB 1.00 1.00 1.00

sand 0.80 0.80 0.80

02-multi B N14 0.80 0.80 0.80
NIB 1.00 1.00 1.00

sand 0.86 0.60 0.71

N14 0.69 0.90 0.78

03-rgb AB N16 1.00 1.00 1.00
NIB 1.00 1.00 1.00

sand 0.90 0.90 0.90

03-multi  AB N14 0.82 0.90 0.86
N16 1.00 0.90 0.95

NIB 1.00 1.00 1.00

sand 0.63 1.00 0.77

N14 0.25 0.40 031

04-rgb A N16 0.00 0.00 0.00
NIB 1.00 0.80 0.89

sea 1.00 1.00 1.00

sand 0.50 1.00 0.67

N14 0.00 0.00 0.00

04-multi A N16 0.50 0.20 0.29
NIB 0.71 1.00 0.83

sea 1.00 1.00 1.00

sand 0.57 0.80 0.67

B N14 0.00 0.00 0.00

05-rgb NIB 0.67 0.80 0.73
sea 0.71 1.00 0.83

sand 0.00 0.00 0.00

i B N14 0.45 1.00 0.63
NIB 1.00 0.80 0.89

sea 1.00 1.00 1.00
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sand 0.80 0.80 0.80

N14 0.56 0.50 0.53

06-rgb AB N16 1.00 0.60 0.75
NIB 0.50 0.70 0.58

sea 0.83 1.00 0.91

sand 0.53 0.90 0.67

N14 0.33 0.10 0.15

06-muli  AB N16 0.89 0.80 0.84
NIB 0.80 0.80 0.80

sea 0.83 1.00 0.91

sand 0.00 0.00 0.00

N14 0.33 0.60 0.43

07 A N16 0.75 0.60 0.67
NIB 0.83 1.00 0.91

sea 0.83 1.00 0.91

sand 0.00 0.00 0.00

B N14 0.50 1.00 0.67

08 NIB 0.83 1.00 0.91
sea 1.00 0.80 0.89

sand 0.71 0.50 0.59

N14 0.67 0.40 0.50

09 AB N16 1.00 0.30 0.46
NIB 0.73 0.80 0.76

sea 0.28 1.00 0.43

sand 033 0.02 0.03

N14 0.25 0.04 0.07

10 lta N16 0.32 031 031
NIB 0.26 0.82 0.39

sea 0.64 0.86 0.73
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