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A B S T R A C T

This study assessed the susceptibility of the entire Tuscan coastline to coastal erosion using Multivariate Adaptive 
Regression Splines (MARS), a flexible yet interpretable non-parametric regression technique that explicitly 
models nonlinear relationships and variable interactions through physically meaningful thresholds. Unlike ma
chine learning approaches commonly used in coastal erosion studies (e.g. SVMs, ANNs or logistic regression), 
MARS offers high predictive performance combined with enhanced transparency. This enables the controlling 
factors and their critical ranges to be interpreted more clearly. The coastline was segmented into transects spaced 
at 50 m intervals, and shore- line change was quantified for three periods (2000–2010, 2011–2020, and 
2000–2020) using Net Shoreline Movement (NSM). To reduce uncertainty, two datasets were created: CUT2 
(excluding transects with changes within ±2 m) and CUT4 (excluding those within ±4 m) according to shoreline 
digitalisation accuracy. The dependent variable was binarized to represent either eroding (1) or advancing (0) 
coastlines. The independent variables included coastal slope, number of storms, storm energy, depth of closure, 
geomorphology, and main longshore sediment transport directions, which are known to control coastal morpho 
dynamics at regional scale. Model calibration was conducted on 70% of the CUT4 dataset, with validation 
performed using both internal (30% of CUT4) and external (100% of CUT2) strategies. The performance of the 
MARS models was evaluated using ROC curves and AUC values, achieving good results (AUC > 0.8) in most 
cases. The resulting susceptibility maps classified the coastline into four susceptibility levels (from low to very 
high) and showed strong agreement with observed shoreline trends. The identification of erosion hotspots was 
statistically supported by the MARS model outcomes and their associated variable contributions, while the 
relationship between persistently eroding sectors and limited sediment supply from river basins was derived from 
an integrated interpretation combining model results with geomorphological and observational evidence. 
Overall, the proposed MARS-based framework provides a robust, interpretable, and data-driven tool to support 
integrated coastal management, enabling the identification of critical erosion hotspots and the definition of 
targeted adaptation measures.

1. Introduction

Approximately 71% of the Earth's surface is covered by water, and 
the remaining 29% consists of land. The interaction between terrestrial 
and marine environment defines the coastline, which extends for about 
1.6 km (Burke et al., 2001). Considering the ecological, economic, and 
social importance of coastal zone, Earth can be regarded as a coastal 
planet (Martínez et al., 2007).

The notable biological productivity and high accessibility make the 
coastal zone a magnet for human activity (Burke et al., 2001) hosting 

40% of the world's population. The morphological action of rivers, 
currents and waves on sediments within the nearshore makes the 
coastlines complex and dynamic systems (Mentaschi et al., 2018) 
constantly changing, eroding and accreting. Due to climate change, sea- 
level rise and extreme events can accelerate the erosion process and 
cause potentially irreversible changes further intensified by human ac
tivity. The escalating frequency and intensity of the damage suggest that 
the coastal system is now less resilient and more vulnerable to extreme 
events (Intergovernmental Panel on Climate Change (IPCC; Stocker and 
Qin, 2013).
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In the Mediterranean basin, these dynamics are particularly exac
erbated due to the region's sensitivity to climatic pressures and intense 
anthropogenic alteration. In Italy, recent regional-scale studies have 
revealed critical challenges in sediment continuity and coastal retreat. 
An extensive satellite-based analysis covering the entire country over 
four decades (1984–2024) has shown that 66% of the 40 main Italian 
rivers are currently associated with erosion at their mouths, a value that 
reaches 100% when excluding stretches protected by hard coastal de
fences (Luppichini and Bini, 2025). This finding is symptomatic of a 
widespread sediment deficit in Italian river systems, largely driven by 
dam construction, land-use change, and reduced hydrological regimes 
(Luppichini et al., 2023).

Among the most critical areas identified at national level, several 
sectors along the Tuscan coast stand out for their persistent erosional 
trends. In particular, the deltas of the Arno and Ombrone rivers show 
long-term retreat rates that in some areas exceed 5–6 m per year (Besset 
et al., 2017; Bini, 2008; Cipriani et al., 2013). These trends are linked not 
only to reduced sediment delivery due to river regulation and upstream 
damming (Frangipane and Paris, 1994; Rinaldi, 2003), but also to cli
matic drivers such as decreased precipitation and increased frequency of 
extreme events (Baronetti et al., 2022; Blöschl et al., 2019). For 
example, the Arno basin has seen a progressive decline in annual 
discharge and sediment transport over the past century, particularly 
after the 1970s, reflecting broader hydrological shifts documented 
across the Mediterranean (Luppichini et al., 2024). In addition, to 
sediment supply reduction, coastal morphology in Tuscany is also sha
ped by longshore drift patterns and the interaction with human in
frastructures. In the Pisa coastal plain, for instance, sediment dispersion 
analyses show that during high-discharge events, only a portion of the 
sediment plume reaches the adjacent coasts, while much of it is lost 
offshore due to morphological shadowing induced by harbour and jetty 
structures (Bini et al., 2021).

In view of these considerations, the assessment of the susceptibility/ 
vulnerability of coastal areas to erosion is becoming a key global issue. A 
lot of techniques have been developed for this purpose, and they can be 
categorized into four main groups: a) Indicator-based approach 
(EUROSION, 2004); b) Index-based methods (e.g., the Coastal Vulner
ability Index (CVI), Gornitz (1991)); c) GIS-based Decision Support 
Systems, and d) Complex system methods (e.g., Bayesian networks).

Indicator-based approaches express vulnerability of the coast 
through a set of independent indicators that reflect coastal issues, in 
contrast index-based approaches, combine different variables using 
weighting and ranking methodologies into a one-dimensional, risk/ 
vulnerability index (Rangel-Buitrago and Anfuso, 2015; Tursi et al., 
2025). Due to their relative simplicity, they are widely used for 
communication purposes. However, they also have some limitation; the 
index-based approaches are not immediately transparent, especially 
regarding the criteria used for ranking. Therefore, a clear explanation of 
the adopted methodology is essential to ensure their proper application.

The Decision Support Systems (e.g., DESYCO, Torresan et al. (2016)) 
integrate different types of information, powerful modelling functions, 
based on Multi-Criteria Decision Analysis (MCDA) in order to identify 
and prioritize areas and targets exposed to climate related hazard, es
timate susceptible exposure units and relative risk. This methodology 
enhances the effectiveness of decision process in planning adaptation 
strategies but requires investment in terms of time and resources.

Finally, among the complex system methods are those based on 
Bayesian network (BNs) also known as Bayesian Belief Networks (BBNs). 
These are probabilistic graphical models which describe the relation
ships between a wider range of system's components (variables), by 
combining principles of Graph theory and probabilistic expressions 
(Pearl, 2001; Bayes, 1763). Gutierrez et al. (2011) used a Bayesian 
Network (BN) to integrate various factors - including relative sea level 
rise, wave height, tide range, coastal slope, geomorphology, and his
torical shoreline change- to predict long-term shoreline change to sea 
level rise along the U.S. Atlantic coast, demonstrating the effectiveness 

of BN approaches as predictive tools to support the decision-making 
process.

Other machine learning (ML) methods have been tested in the 
context of coastal hazard and vulnerability assessment. Park et al. 
(2019) implemented a Support Vector Machine (SVM) classifier to 
distinguish coastal zones using satellite images showing that although 
the model allowed a good identification of the coastline, its accuracy in 
detecting coastal changes remains limited. Park et al. (2019) assessed 
the future probability of coastal flooding events along the coastal area of 
South Corea, using six predictive variables and three ML algorithms - k- 
nearest neighbour (kNN), random forest (RF), and support vector ma
chine (SVM) – demonstrating the potential of these data-driven models 
for coastal risk forecasting. Beuzen et al. (2019) proposed a probabi
listic, data-driven approach using Gaussian Processes (GP) to generate 
ensemble predictions of wave run up demonstrating that integrating 
these GP machine learning models into coastal dune erosion models can 
improve forecast accuracy.

Despite the high predictive performance of ML methods, their 
“black-box” nature makes difficult to interpret the model's decision- 
making process, assess influence of individual variables, and detect 
potential biases or error. To overcome these limitations, this study used 
a Multivariate Adaptive Regression Splines (MARS) model (Friedman, 
1991), to assess the natural susceptibility to coastal erosion along the 
entire coast of Tuscany. MARS is a non-parametric regression analysis 
technique capable of capturing complex and non-linear relationships 
between the dependent variable and independent variables without 
assuming a fixed functional form, offering greater flexibility than 
traditional linear regression techniques. The advantage of MARS lies in 
its interpretability and transparency. Unlike the black-box ML, the 
MARS approximations derive from an explicit mathematical expression 
of the output as a function on the input factors. Furthermore, MARS does 
not require arbitrary weighting of ranking of indicators like index- based 
methods which, although transparent, suffer from subjectivity.

The MARS methodology therefore represents an intermediate 
approach between the index-based methods and more complex proba
bilistic or Bayesian methods.

The primary aim of this research is to develop a reproducible an 
interpretable alternative to existing black-box models for assessing 
coastal erosion susceptibility, while minimizing the subjective assump
tions typically associated with traditional index-based methods.

This research focused on the entire coast of Tuscany. Shoreline po
sition data were collected for three time periods: 2000–2010, 
2011–2020, and 2000–2020, and a preliminary analysis of coastal dy
namic was conducted. To implement the MARS model, three changes 
inventories corresponding to each time period were prepared and used 
as dependent variables. A set of physical and environmental variables- 
assumed to influence shoreline dynamics-was selected as predictors. 
For each variable, a value was assigned to each transect (50 m equally 
spaced) in which the coastline was partitioned. For each time period, the 
dataset was split into two subsets, based on the resolution of the 
observed changes: ±4 m (CUT4) and ± 2 m (CUT2), resulting in a total 
of six MARS models. Model performance was evaluated using the Area 
Under the Receiver Operating Characteristics Curve AUC. Finally, a 
susceptibility map was created and compared with the observed 
shoreline configurations.

2. Materials

2.1. Study area

The study area covers the entire coast of Tuscany (Fig. 1), excluding 
the islands. It is approximately 380 km long and includes open coastline 
as well as estuarine and deltaic sectors; the coast is mainly characterized 
by sandy beaches alternating with short segments of high and rocky 
coasts. The present morphological structure was formed in recent times 
(Quaternary), mainly due to the sediments deposited by the main rivers 
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of Tuscany. The large coastal plain, stretching from Massa to Livorno, 
was formed by sediment input from the Arno and Magra rivers, which 
alone supply approximately 1,524,000 and 632,000 t / year of sediment, 
respectively (Pranzini et al., 2020). In addition to these, the Serchio 
23,000 t / year (Cavazza, 1984) and the Frigido rivers also contributed 
to a lesser extent. The plains of Cecina, Follonica, and Grosseto were also 
formed in a similar way, with input from the Cecina, Cornia, and 
Ombrone rivers, respectively. In the southernmost part of the region, the 
coastal plains benefited not only from the input of the Tuscan rivers, but 
also from inputs from “outside the Tuscan region”. In this case, the 
sediments transported northward are of volcanic origin, which gives rise 
to the beaches of Capalbio and Ansedonia. In some cases, along the 
Tuscan coast, low-energy environments generate lagoons and wetlands. 
The main wetlands are the Orbetello Lagoon, the Diaccia Botrona 
Marshes, and Lake Burano.

The Tuscan costs are highly critical from a geomorphological point of 
view, due to the anthropic activities that have taken place since the 
middle of the last century. Although the Tuscan coastline exhibits 
several geomorphological instabilities, it is not considered geologically 
critical because it is mostly composed of unconsolidated Quaternary 
deposits forming wide coastal plains, with limited occurrence of active 
rocky cliffs or structurally weak lithologies. The geological substrate 
does not undergo rapid mass wasting or tectonically driven retreat; 
instead, the observed changes are predominantly governed by sediment- 
budget dynamics, wave climate, and human interventions. For this 
reason, the coastal criticality in Tuscany is largely geomorphological, 
rather than geological. In the last 50 years, there has been a significant 
increase in the tourist, commercial and urban use of the coasts. This 
development has led to the need for coastal protection measures in 

various areas. These actions have involved the construction of marine 
structures and/or artificial beach nourishment. In an already greatly 
compromised situation, the failure of sediments to be delivered by rivers 
has been added, which has completely altered the natural deposition/ 
erosion cycle. Recent studies on sedimentation along the coast, carried 
out through the application of new methodologies, highlight the dy
namics of sediment deposition (Bini et al., 2021; Novi et al., 2022; Raffa 
et al., 2022). In addition, various research papers suggest that erosion of 
coastal areas adjacent to river mouths is mainly due to the reduction of 
sediment supply from rivers. However, shoreline retreat is often strongly 
influenced by the presence of offshore infrastructure, such as harbours 
and coastal defence structures. Analysis of the morphology of the seabed 
by Pranzini et al. (2020, 2018), taking into account both its slope and the 
presence of any submarine bars, shows a close correlation with shoreline 
evolution trends and the distribution of artificial structures. Biblio
graphic data also shows how regional-scale factors, such as wave energy 
and the presence of convergent or divergent sedimentary currents, 
significantly influence shoreline evolution. The longshore sediment 
transport distinguishes between sectors where currents converge and 
sectors where currents diverge. Convergent currents indicate zones 
where opposing longshore flows meet, promoting sediment deposition 
and favouring shoreline stability or accretion. In contrast, divergent 
currents correspond to sectors where longshore flows separate, pro
ducing net sediment export and enhancing the potential for erosion. This 
conceptual framework is commonly applied in Mediterranean coastal 
systems, where depositional nodes often coincide with convergence 
points and erosional hotspots with divergence zones. The adopted 
classification reflects these morphodynamic principles and aligns with 
the regional sediment budget described by Pranzini et al. (2020). The 
grain size characteristics of sediments on both the emerged and sub
merged beaches allow the identification of sediment transport vectors, 
both transverse and longitudinal, and the assessment of the impact of 
anthropogenic works on sediment flows. These analyses show how 
limited fluvial sediment inputs are and how erosion-prone beaches are 
the main sources of supply for the advancing coastal sections. Finally, 
the sedimentological study conducted in the recent past has made it 
possible to more accurately identify the zone of convergence of the 
littoral drift, where the granulometric characteristics of the sediments 
and the morphological characteristics of the seabed clearly differ from 
the coastal stretches dominated by a well-defined longitudinal flow.

2.2. Coastal changes inventories

To prepare the coastal changes inventories required for MARS 
modelling, the coastlines relative to the years 2000, 2010 and 2020 were 
used. The three shoreline datasets (2000,2010,2020) were selected to 
capture a 20-year evolution of the Tuscan coast, while the intermediate 
2010 dataset enables assessing decadal-scale variability. To ensure 
temporal consistency, all three coastlines were extracted from imagery 
acquired during the summer period, thereby minimizing the influence of 
seasonal shoreline oscillations and avoiding the short-term morpho
logical effects associated with winter storms. Summer acquisitions also 
reduce the likelihood of artefacts caused by adverse meteorological or 
sea-state conditions, such as cloud cover, wave run-up, or suspended 
sediment plumes.

The three coastlines (2000, 2010, 2020) were selected to ensure 
temporal consistency of both spatial resolution and acquisition period. 
The 2000 and 2020 coastlines originate from official ISPRA datasets 
(available on the website of the ISPRA at the following link: https 
://www.isprambiente.gov.it/it/banche-dati/banche-dati-folder/mare% 
20-%20last%20access%2013%20nov%202024), produced using the 
same photogrammetric workflow, while the 2010 coastline was derived 
from AGEA orthophotos with comparable 1 m resolution (https 
://www502.regione.toscana.it/geoscopio/ortofoto.html-lastaccess 
13nov2024). All datasets were referenced to the same projection 
(WGS84–UTM 32 N), ensuring that differences among years are 

Fig. 1. Geographical setting and geomorphological characterization of the 
study area. The coastline classification, distinguishing between gravel beaches 
(green line), rocky coasts (red line), and sandy beaches (dark purple line). The 
coastline is subdivided into 11 Littoral Cells. Reference System: WGS84- 
UTM32N - EPSG:32632.
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attributable to real shoreline variations rather than methodological in
consistencies. The 2010 shoreline was digitalised automatically using 
the automatic coastline extraction model proposed by Scala et al. 
(2024a). This model exploits a Convolutional Neural Network archi
tecture (CNN) that performs multiclass semantic segmentation (water, 
beach/sand, built-up, vegetation, bare land), enabling shoreline 
extraction as the boundary between the water class and all remaining 
classes. The model incorporates a Sobel-edge loss term that enhances its 
ability to detect transition zones. Validation on the San Leone case study 
(11 km of coast) shows that 80% of transects deviate less than 1 m from 
the ground truth, and that the model achieves an 85% goodness-of-fit 
when adopting a 2-m geometric accuracy threshold. Lower perfor
mance is observed in areas characterized by darker terrain or shadows, 
but overall, the method proves robust across sandy beaches, cliffs, and 
highly urbanized sectors. The shoreline extracted from the CNN output 
is obtained through a structured post-processing sequence composed of: 
(i) global thresholding of the semantic-segmentation raster, (ii) con
version to unsigned bytes, (iii) mean blurring using a 5-pixel kernel to 
reduce local artefacts, (iv) binary thresholding, and (v) cropping using a 
50-m buffer to isolate the land–water transition. Finally, the coastline is 
defined as the isoline corresponding to the selected threshold level, 
ensuring a smooth representation of the natural boundary rather than a 
pixel-based discontinuous edge.

The coastlines were used as input to the CDA tool (Scala et al., 2024a, 
2024b) to perform Transect-Based Analysis of coastlines. Using transects 
with an average inter-distance of 50 m, it was possible to obtain for the 
entire Tuscany coastline, the statistical indices of coastal changes EPR 
(End Point Rate), NSM (Net Shoreline Movement), SCE (Shoreline 
Change Envelope) and LRR (Linear Regression Rate). Although the CDA 
tool provides multiple indices, the MARS models were based on NSM 
values only. LRR was excluded because regression-based metrics are not 
robust when derived from only three shoreline positions. Likewise, EPR 
conveys the same information as NSM, as it represents its rate-based 
transformation. SCE was not considered representative for this study 
because it merely expresses the distance between the most landward and 
seaward shoreline for each transect; with only two shorelines available 
per analysed period, SCE would simply replicate NSM values without 
providing additional or significant insight. For these reasons, NSM was 
retained as the sole response variable for the modelling.

The observed Net Shoreline Movements were then used to create 
three coastal changes inventories for each reference period (2000–2010, 
2011–2020, 2000–2020 - it should be specified that the notation 
2011–2020 is used to differentiate it from the first time period, but the 
reference coastline is still 2010). Each transect was then assigned to one 
of the eleven littoral cells identified along the Tuscan coastline. A littoral 
cell is defined as a coastal segment where is assumed a limited sediment 
movement (Fig. 1). In detail, the sediment transferred from one littoral 
cell to its neighbouring littoral cells is here assumed as null or negligible. 
The littoral cells are identified based on several factors that determine 
sediment transport, such as, i) the shape of the coastline based on aerial/ 
satellite imagery and bathymetric surveys; ii) the exposure of the area to 
waves; iii) the location of the river mouths; iv) the lithological features 
of the bedrock and sediments. For example, the evolutionary forms of 
river mouths, as well as accumulation and erosion close to coastal 
structures, highlight the prevalence of sediment flow in one direction; 
the cusps highlight a divergence of the flow; large concave steps high
light the continuity of the littoral cell (Pranzini and Williams, 2021).

Finally, to account for potential digitization errors in shadowed or 
geo-morphologically complex areas such as cliff-dominated settings, 
rocky coast transects were excluded from the MARS modelling to avoid 
introducing uncertainties that could compromise the reliability of the 
dataset. Moreover, those transects showing absolute variations of less 
than 2 m were excluded from the datasets and two subsets were so 
created: CUT2, which includes transects exhibiting shoreline absolute 
variations greater than 2 m and a more conservative dataset CUT4, 
which includes only transects with absolute variations greater than 4 m. 

In fact, based on the analysis of shoreline position variations along 
transects, under the assumption of morphological stability (i.e., absence 
of real shoreline advances or retreat), an average offset of 4 m was 
consistently observed. Therefore, this value was adopted as a conser
vative estimate of total positional uncertainty due to digitization errors.

3. Methods

In this research, coastal erosion susceptibility was evaluated by 
defining the relationships existing between a set of independent 
explanatory variables or predictors and the dependent variable, repre
senting the outcome status to be predicted. The predictors are selected 
among those physical and environmental variables affecting the coastal 
erosion process and assigned to each of the mapping units in which the 
study area is partitioned. The dependent variable is the coastal change 
status extracted from the analysis of the coastlines related to different 
years and expressed as eroding or advancing coast (the outcome). 
Continuous NSM values were not used as dependent variable because 
shoreline position is affected by uncertainty, seasonal oscillations, and 
extreme-event variability. Binarizing the variable (erosion vs. accretion) 
reduces noise and enhances the ability of the MARS algorithm to detect 
robust relationships between predictors and dominant shoreline trends, 
which is common in susceptibility mapping applications. Among the 
wide fan of stochastic approaches suitable for setting functional 
dependence between predictors and outcome, multivariate adaptive 
regression splines (MARS, Friedman (1991)) have recently more and 
more adopted in facing environmental processes modelling (Conoscenti 
et al., 2018; Martinello et al., 2022, 2023; Mercurio et al., 2021).

3.1. The MARS method

MARS is a non-parametric regression technique which identifies non- 
linear adaptation relationships between independent and dependent 
variables. In particular, MARS divides the range of the predictor values 
into windows, delimited by nodes (k), and generates a linear regression 
equation (“basis function”, BF) for each window, according to Eq. 1: 

y = a+
∑N

n=1
βn hn(xn) (1) 

where: y is the target variable; α is a constant; N is the number of terms, 
each formed by a coefficient βn; and hn(x) is a single BF or a product of 
two or more BFs of the independent variable x. The individual BF has the 
form max (0, x - κ) or max (0, κ - x), where x is an explanatory variable 
and κ is a constant corresponding to a knot.

In this study, the dependent variable was binarized assigning a value 
of 1 or 0 to transects exhibiting shoreline erosion or accretion, respec
tively. In the context of susceptibility maps, it is common practice to use 
binary classification for the dependent variable to classify the areas 
potentially susceptible to a given process, this making clearer the 
interpretation of the model outputs, especially from the perspective of 
hazard mitigation and management. Additionally, shoreline positioning 
is often affected by uncertainty such as measurement errors, seasonal 
variations, and long-term natural cycles and simplifying the observed 
data into binary categories, allow us to reduce the uncertainties and 
stresses the main trend (erosion vs. advancement). Finally, binary 
classification enables the applications of robust metrics for validation, 
such as accuracy, precision, recall, and AUC-ROC curve.

3.2. Predictors

In order to produce the coastal susceptibility map of Tuscany, six 
physical coastal variables were selected, in light of their role in coastal 
erosion processes, including: geology and geomorphology (G), coastal 
slope (S), the number and energy of storms (St and We, respectively), the 
distance of the closure depth from the coastline (hc), and the main 
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longshore transport directions (Dr) (Table 1). The choice of the six 
predictors used in the MARS modelling was based on a combination of 
physical relevance, data consistency, preliminary statistical testing, and 
expert knowledge of coastal dynamics. The selected indicators represent 
the main components controlling shoreline mobility along the Tuscan 
coast and were grouped into three thematic categories: a) Coastal 
intrinsic characteristics (G, S); b) Marine forcing (St, We, hc); and c) 
Sediment transport dynamics (Dr). The selected variables also meet 
practical criteria: they are spatially continuous, available for the entire 
coastline, and derived from authoritative and repeatable datasets, 
ensuring reproducibility and applicability to other regions. St and We 
were calculated at the littoral cell scale and then assigned to each 
transect within the corresponding cell, while S, hc, G and Dr were 
computed individually for each transect. As a result, the values of the 
indicators calculated per transect vary from transect to transect, 
whereas the values of indicators computed at the littoral cell scale are 
identical for all transects belonging to the same cell. This method as
sumes that the wave climate factors represented by St and We remain 
spatially uniform across the transects.

3.2.1. Geomorphology (G)
The geomorphological and geological characteristics of the coastal 

sector were derived from the ISPRA (Istituto Superiore per la Protezione 
e la Ricerca Ambientale) Coastal Geo- portal by intersecting each coastal 
transect with the two vector-based shoreline datasets (corresponding to 
the years 2000 and 2020) and assigning the local properties to their 
centroid. Besides, the “Carta della Natura” map was analysed, which 
represents habitats and biotopes as defined by the CORINE Biotopes 
System (provided by the regional geo-information system - https 
://www.regione.toscana.it/-/geoscopio-lastaccess13nov2024), to 
discriminate two specific habitats: embryonic shifting dunes (16.21 
CORINE biotopes) and fixed coastal dunes with herbaceous vegetation 
(16.22 CORINE biotopes). In fact, the presence of these habitats in the 
back-shore areas of low sandy coasts could enhance the resilience and 
reduce the vulnerability of these coastal areas. The final adopted classes 
used are listed in Table 2. As mentioned in the section 2.2 high and low 
rocky coasts were excluded.

3.2.2. Coastal slopes (S)
The slope of the subaerial coastal plain was extracted from a digital 

terrain model (DEM) with a spatial resolution of 2 meters, provided by 
the regional geo-information system. In particular, the average slope 
within a 25-m radius was obtained for each transect and assigned to its 
centroid.

3.2.3. Sea storms (St)
The specific dataset provided by CMEMS, known as MEDSEA MULTI- 

YEAR WAV 006012, was used to analyse wave climate along the Tuscan 
coast. Key parameters extracted include significant wave height (Hm0), 
spectral peak period (Tp), and mean wave direction (θ), calculated using 
wind data provided by the European Centre for Medium-Range Weather 

Forecasts (ECMWF), with a spatial resolution of 0.5◦ × 0.5◦. Fig. 2 shows 
the CMEMS data collection points around the Tuscan coast for each 
Littoral Cell.

Wave climate along the Tuscany coast was analysed for the time 
interval covered by the study. 55 points were selected from the CMEMS 
reanalysis dataset (as shown in Fig. 2). The representative parameters 
for each coastal stretch are wave height Hm0, period Tp, and mean di
rection θ. These spatially distributed parameters of the selected points 
were used to define the wave climate for each coastal cell. These wave 
climate parameters were then used to calculate in MATLAB both storm 
event and energy flux predictors, related to marine climate. Among the 
indicators considered were the number of storms, average annual 
maxima of energy flux, and depth of closure (dc). For each temporal 
window (2000–2010 and 2011–2020), all storm events are considered, 
with a storm defined following Boccotti (2000) as Hm0 > 1.5 m sustained 
for more than 12 consecutive hours. Events separated by more than 12 h 
below this threshold are considered independent. The mean storm en
ergy over the window is calculated as a weighted average of annual 
mean energies, with weights proportional to the number of storms per 
year.

In this context, a storm in the Mediterranean Sea has been defined as 
a series of sea states in which the spectral significant wave height (Hm0) 
exceeds 1.5 m and remains above this value for a continuous period of 
more than 12 h. If more than 12 h have elapsed between one exceedance 
of the 1.5 m threshold and the next, then the storms are considered in
dependent, vice versa the sea storm is considered unique. The number of 
storm surges recorded for the periods 2000–2010, 2010–2020, and 
2000–2020 was calculated for each littoral cell (Table 3).

The total energy (E) of each storm surge, which provides an indica
tion of the potential hazard that the storm surge exerts on the coastal 
zone, following the methodology adopted by Mendoza and Jiménez 
(2005), was calculated by integrating the significant wave height for the 
duration of the event (t1, t2): 

E =

∫ t2

t1
H2

s dt (2) 

From the total energy, it was possible to calculate wave energy flux, a 
crucial factor in assessing coastal vulnerability. To consider its varia
tions, the average of annual maxima was calculated. For each year and 
for each littoral cell, the maximum wave energy flux (P) value (Eq. 3) 
was determined from the wave energy values. These maximum values 
were then averaged over time to obtain a single value for each cell for 
the three different time intervals. 

P = E • Cg (3) 

where Cg is the group celerity. Storm energy flux values were used in 
their original units (kW/m). No logarithmic or standardizing trans
formation was applied, since the variable's magnitude directly reflects 
physical wave forcing intensity, and preliminary tests confirmed that 
MARS effectively handled the numerical range without requiring 
scaling.

Table 1 
List of predictors.

Variable Data source Units Reference year

CONTINUOUS
S Coastal slope DEM 2 × 2 m %
St Number of storms CMEMS – 2000–2010 / 

2011–2020
We Storm Energy CMEMS kW/ 

m
2000–2010 / 
2011–2020

hc Depth of closure CMEMS m 2000–2010 / 
2011–2020

CATEGORICAL
G Geomorphology ISPRA – 2000/2020
Dr Main longshore transport 

directions
Pranzini et al., 
2020

– 2020

Table 2 
Categorical classification of geomorphological and habitat types for MARS 
modelling.

Geomorphology + habitat Class of 
variable

Low gravelly coast 1
Low sandy coast 2
Low sandy coast + shifting dunes or fixed coastal dunes with 

herbaceous vegetation
3

Connections 4
Coastal defence structure 5
Riverbanks 6
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3.2.4. Depth of closure (hc)
For each CMEMS point located near the coast, the depth of closure 

was also calculated using Hallermeier's formula (hc) which allows esti
mating the depth beyond which marine sediment transport is insignifi
cant during normal sea conditions. The depth of closure (hc) represents 
the offshore boundary beyond which cross-shore sediment transport 
becomes negligible. It is physically linked to sediment budget dynamics 
and wave energy exceedance statistics. Therefore, hc reflects the long- 
term morphodynamic domain actively contributing to shoreline 
adjustment. The depth of closure was calculated using Eq. 4. 

hc = 2.28 Hs12 − 68.5

(
H2

s12

g T2
12

)

(4) 

where Hs12 is the significant wave height exceeded 12 h per year (i.e., the 

wave height with a yearly exceedance probability of 0.137%), T12 is the 
period associated with Hs12, and g is the gravitational acceleration (m/ 
s2).

This calculation was performed on an annual basis for each point, 
then averaging the results obtained for the various time intervals 
considered in the study. The depth of closure values obtained for each 
point in the CMEMS network made it possible to extract from EMODnet 
(European Marine Observation and Data Network - https://emodnet.ec. 
europa.eu/en/bathymetry – last access 13 Nov 2024) bathymetry for the 
Tuscany area, the corresponding bathymetric lines so as to obtain curves 
at fixed depth of closure for each time period (Fig. 3). Bathymetric data 
processing and extraction of closure-depth contours were carried out in 
QGIS. The inclusion of the depth of closure in the analyses allowed for a 
more complete and detailed characterization of marine conditions along 
the Tuscan coast, providing additional data for coastal vulnerability 
assessment and integrated coastal zone management. Results on the 
number of storms, energy flux and hc for each UF and for each period are 
presented in Table 3.

3.2.5. Long-shore current (Dr)
To incorporate the information on the main longshore trans

portation, the prevailing directions of the currents along the Tuscany 
coast, as reported in the study by Pranzini et al. (2020) were used. In 
particular, to discriminate between areas of erosion (i.e. where opposite 
current flows end) and deposition (where two opposite streams meet), a 
classification system with four classes was adopted, from class 1, iden
tifying transects where currents converge, to class 4, where currents 
diverge. Empirically, the divergent sector can be view as ‘sediment 
source’, where hydrodynamic condition removes sediment toward 
onshore sector, creating a sediment deficit. Classes 2 and 3 identify 
transitional zones that connect divergence and convergence zones, 
classified based on their spatial position to the divergence or 

Fig. 2. CMEMS wave data point along Tuscany region used. Reference System: WGS84-UTM32N - EPSG:32632.

Table 3 
Storm energy flux, number of detected storms and hc for each littoral cells.

Littoral 
cell

2000–2010 2011–2020

N◦ of 
storms

Energy flux 
[kW/m]

hc 

[m]
N◦ of 
storms

Energy flux 
[kW/m]

hc 

[m]

1 194 140.4 7.58 179 157.27 8.02
2 189 132.10 7.42 173 150.61 7.93
3 235 148.11 7.82 210 175.99 8.53
4 255 147.06 7.80 221 180.58 8.64
5 309 114.48 6.88 292 146.30 7.78
6 296 112.57 6.82 285 128.39 7.28
7 130 106.70 6.64 130 125.16 7.19
8 258 103.96 6.55 248 122.20 7.11
9 171 88.54 6.05 167 107.64 6.67
10 240 141.99 7.66 220 158.21 8.09
11 223 133.20 7.42 208 140.49 7.62
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convergence zones. The convergence zone is a sector that acts as sedi
ment sink, favouring the deposition.

3.3. Calibration and validation sampling strategy

As described in Section 2.2 a total of three datasets were assembled 
from the full database, referring to three time periods: 2000–2010, 
2011–2020 and 2000–2020. Besides, in order to check any effects in the 
model performance induced by more severe than 2 m spatial resolution 
limits in shoreline picking, two suites of models were prepared: CUT2, 
which excludes transects with shoreline changes between − 2 and + 2 m, 
and CUT4, which excludes transects with variations between − 4 and +
4 m. The total number of shorelines transects included in each dataset 
for the CUT2 and CUT4 is reported in Table 4.

Each MARS modelling procedure assumed the six predictors as 
explanatory variables and a binarized outcome (each transect was 
classified as 1, for retreatment and 0, for advancement). In particular, 
once the 0/1 status of a set of calibrating transect is given as input, the 
MARS modelling produces an estimate of the probability (score between 
0 and 1) for any unknown validation transect to be in retreating (1) or 
advancing (0) status. The only requirement is that the values assumed by 
the explanatory variable in all the transects must be known.

Before proceeding with the modelling, each dataset was analysed to 

evaluate the ability of each single predictor to discriminate between 
retreating from advancing transects. To this aim, the Mann-Whitney 
Wilcoxon test was used for continuous and ordinal predictors, and the 
Chi-Squared test of Independence for the categorical variable. The 
resulting p-values (reported in Table 5) confirmed that, for most vari
ables, the predictor distribution observed in retreating transects differs 
significantly from that observed in advancing transects (p-value < 0.05).

However, in some cases – such as variable We for the 2000–2020 
dataset, hc for 2011–2020 and G for 2011–2020 - the difference was not 
statistically significant. Although these results, they were retained due 
to their importance in coastal processes, and because the multivariate 
modelling is able to capture complex interaction and non-linear re
lationships which may not emerge from univariate analyses. Sub
sequentially, to explore any potential autocorrelation between the 
predictors, the variance inflation factor (VIF) was calculated, and a 
threshold VIF value of 10 was set to exclude collinear variables from the 
models. The result showed a moderate correlation between predictor 
variables (Table 6), so that all the variables were included in the 
modelling procedure.

Once the pre-exploring of the explanatory variables was performed, 

Fig. 3. Depth of closure along Tuscany region. Reference System: WGS84-UTM32N - EPSG:32632.

Table 4 
Total number of transects included in each dataset (2000–2020, 2011–2020, and 
2000–2020) for the two model suites CUT2 and CUT4.

Dataset N◦ of transects CUT2 N◦ of transects CUT4

2000–2010 3223 2659
2011–2020 3136 2544
2000–2020 3368 2792

Table 5 
Results of the univariate analysis. The values shown the p-values obtained from 
Mann-Whitney-Wilcoxon Test (continuous/ordinal variables) and the Chi- 
Squared Test (categorical variable).

Test Variable 2000–2010 2011–2020 2000–2020

Mann- 
Whitney- 
Wilcoxon

S < 2.2 × 10− 16 3.93 × 10− 7 < 2.2 × 10− 16

St 3.51 × 10− 6 < 2.2 × 10− 16 < 2.2 × 10− 16

We 2.23 × 10− 6 9.84 × 10− 8 0.47
hc < 2.2 × 10− 16 0.151 < 2.2 × 10− 16

Dr < 2.2 × 10− 16 < 2.2 × 10− 16 < 2.2 × 10− 16

Chi-Square G < 2.2 × 10− 16 0.2464 < 2.2 × 10− 16
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MARS modelling was so implemented for the CUT4 dataset in the three 
periods: 2000–2010, 2011–2020, and 2000–2020 (Table 7). Each model 
was submitted to a validation procedure by applying a random partition 
strategy scheme, splitting into two balanced (retreating/advancing 
transects) calibration (70%) and validation (30%) subsets. Each random 
splitting was replicated one-hundred times so to check also the reli
ability of the results and the robustness of the modelling procedure. 
Besides, in order to verify the actual resolution of the CUT2 models, a 
validation on the entire CUT2 dataset was also performed. A total of six 
models was finally set for modelling (Table 7).

The prediction skill of the MARS models was estimated by calcu
lating the area under the receiver operating characteristics curve (AUC; 
Lasko et al., 2005). An ROC curve plots the area under (AUC) the true 
positive rate (sensitivity) versus the false positive rate (1- specificity) at 
any given cut-off score. AUC values close to 0.5 indicate no ability of the 
model to discriminate between the levels of the target variable (0 =
advancing, 1 = retreating), whereas AUC values equal to 1 represents 
perfect discrimination. Intermediate AUC values were interpreted, ac
cording to Hosmer et al. (2013) as acceptable, excellent and outstanding 
when AUC is higher than 0.7, 0.8 and 0.9, respectively. At the same time, 
the probabilities predicted from the one-hundred model replicates were 
averaged and binarized by applying a Youden index optimized cut-off 
(Youden, 1950), so that, by comparing the predicted to the observed 
status of each transect a confusion matrix was obtained and the numbers 
of true positives (TP), true negatives (TF), false positives (FP) and false 
negatives (FN) estimated.

4. Results

4.1. Shoreline change (2000− 2020)

The spatial and temporal changes along the coastlines under study 
for the entire Tuscan region are illustrated in Fig. 4, which provides a 
detailed representation of coastal dynamics in terms of erosion and ac
cretion transects for the periods 2000–2010, 2011–2020, and the overall 
period 2000–2020, respectively. The maps highlight six classes of 
shoreline change, expressed in meters, and colour-coded from intense 
erosion (down to -190 m, in dark red) to marked accretion (up to +116 
m, in dark green). The analysis is accompanied by two detailed boxes 
(A1-C1 and A2-C2) that illustrate contrasting behaviours within the 

same UF: one area with predominantly shoreline advancement (near 
Viareggio) and another with retreat (north of Pisa), exemplifying sedi
ment transfer between sub-sections. In the first period (2000− 2010), a 
prevailing erosional regime is observed, with about 35% of the shore
lines falling in the class of greatest retreat (-190 / -12.5 m). The southern 
sectors, particularly in the area highlighted in Box A2, show widespread 
erosion, suggesting marked morphodynamic instability, probably 
related to persistent sedimentary deficits and lack of effective fluvial 
input. Areas under accretion are very limited, with less than 5% of the 
stretches classified in the category of greatest advance (+9.2 / +116 m), 
mainly located at anthropogenic interventions or in areas of natural 
accumulation.

Table 6 
Variance Inflation Factor (VIF) values for each variable across three-time data
set. All VIF values are very close to 1 and well below the common critical 
threshold (10), this confirms the absence of multicollinearity among the 
predictors.

Variable 2000–2010 2011–2020 2000–2020

S 1.08 1.05 1.09
St 1.15 1.12 1.13
We 1.15 1.21 1.16
G 1.03 1.02 1.03
hc 1.10 1.14 1.13
Dr 1.07 1.06 1.08

Table 7 
Overview of calibration and validation strategies for models A–F across different 
temporal datasets (2000–2010, 2011–2020, and 2000–2020). Models were 
trained using 70% of dataset CUT4 and validated on the remaining 30% of CUT4 
or validated using the full 100% CUT2 dataset.

Dataset Calibration Validation Replicates Model

2000–2010 70% CUT4 30% CUT4 100 A
100% CUT2 B

2011–2020 70% CUT4 30% CUT4 100 C
100% CUT2 D

2000–2020 70% CUT4 30% CUT4 100 E
100% CUT2 F

Fig. 4. Tuscany coastlines used for the analysis. Zoom areas are presented in 
the figure. Reference System: WGS84-UTM32N - EPSG:32632.
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In the subsequent period (2011− 2020), the general picture appears 
to have partially changed. The extent of some erosional classes decreases 
(from about 35% to 30 per- cent), while the areas classified as stable 
(-1.8 / +2.1 m) or slightly accreting (+2.1 / +9.2 m) increase, reaching 
about 30% of the total overall. However, Box B2 highlights a reversal of 
the previous trend along the northern section, where portions of the 
shoreline that were previously stable or undergoing slight accretion are 
now affected by erosion. It is important to note that many of the areas 
previously characterized by erosion continue to show signs of retreat 
even in the second time interval, and in some cases with greater intensity 
than in the previous decade. In the cumulative period 2000–2020, the 
dynamics are the product of the combination of the previous two phases. 
There is a partial attenuation of the extreme erosional signals recorded 
in the first decade, but some critical hotspots persist, particularly in the 
Box C2, where retreats greater than -12.5 m continue to be recorded.

Finally, to assess the coastline dynamics between the two distinct 
observation periods for each littoral cell, the percentage of cases with 
coherent behaviour, i.e. with persistent advance or retreat in both pe
riods, and the percentage of incoherent cases, characterized by a trend 
reversal (e.g. from advance to retreat, or vice versa) was quantified. 
Littoral Cells 4 and 10 were excluded from this analysis, as they are 
mostly characterized by rocky transects, which were omitted from the 
modelling as described in section 2.2. The percentage distribution of the 
transects in four morphodynamic categories – Advance, Retreat, 
Advance- Retreat and Retreat-Advance – highlights (Fig. 5) a substantial 
spatial heterogeneity. In particular, cells 3, 5 and 6 are dominated by a 
constant retreat, indicative of persistent erosive conditions. Conversely, 
only cells 1 and 2 show a significant percentage of transects with con
stant advancement. With regard to trend reversals, the littoral cell 8 
shows the highest percentage of transects that went from advancement 
to retreat, followed by 7, 9 and 11 cells, where the opposite trend, i.e. 

from retreat to advancement, is more marked.

4.2. Performance and predictive structure of MARS models

The performance of the MARS models can be estimated in the cut-off 
independent domain of the ROC -plots where the results of one- 
hundreds models are averaged (Fig. 6). The results obtained attest for 
satisfactory to excellent performance for all the models, with CUT4 
models showing an only slightly (2,5–3%) higher performance (Table 8). 
Besides, CUT4 model results are affected by a greater variability (larger 
IQR), as a consequence of the associated reduced sample size (more than 
five hundreds transects less on average, through the three time periods). 
At the same time, more similar conditions are expected to explain lower 
(±2 m) transect responses, so that more homogeneous calibration and 
validation subsets are obtained for CUT2 models.

The above described difference in the predictive performance seems 
to be associated with a different inner structure of the predictive models 
as attested by the Variable Importance analysis, showing the number of 
extraction of the potential predictors out of the one-hundred replicates 
of the three (A: 2000–2010, C: 2011–2020 and E: 2000–2020) CUT4 
models (Fig. 7).

In general, coastal slope (S), class 4 of the main longshore sediment 
transport direction (Dr4), number of storms (St), storm energy (We) and 
the distance from depth of closure (hc) resulted as the main controlling 
factors of the coast response. A secondary role (less than 25% of ex
tractions) is assigned to the geomorphological setting of the coastal 
sectors with Low Sandy Coast, Connection and Riverbanks classes, 
mostly visible in the first decade (Fig. 7, green bars). The selection of 
coastal slope and distance to the depth of closure as primary predictors 
highlights the physical controls on shoreline evolution. A steeper slope 
generally corresponds to a reflective morphodynamic state, which is 

Fig. 5. Percentage distribution of transects within each littoral cell categorized by morphodynamic behaviour across two observation periods: constant advance, 
constant retreat, advance to retreat, and retreat to advance.

G. Azzara et al.                                                                                                                                                                                                                                 Geomorphology 501 (2026) 110240 

9 



intrinsically less efficient at dissipating wave energy compared to 
dissipative, low-gradient profiles. At the similar way, a short distance to 
the depth of closure implies a narrow active zone with limited accom
modation space for the sediment, in this context the profile becomes 
highly sensitive to sediment losses during high-energy events. The 
identification of Drift Class 4 as a key predictor further confirms that 
sectors subjected to divergent longshore transport are structurally pre
disposed to retreat, as sediment removal exceeds natural supply. Finally, 
the models prioritize the number of storms over cumulative energy. 
Physically, this suggests that storm clustering (frequency) is more crit
ical than the magnitude of individual events, as recurrent storms prevent 
the coastline from recovering its equilibrium profile. However, a marked 
difference arises between the three time periods, while the 2000–2010 
model (Fig. 7, green bars) built complex basis functions integrating 
geomorphological setting and wave climate variables, the model 
2011–2020 (Fig. 7, red bars) used just five predictors, four of which 
controlled by wave climate conditions. Factors like the main longshore 
sediment transport direction (Dr) or specific geomorphological classes 
(G), which contributed to the model in the first decade, exhibiting very 
high statistical significance (p < 0.001, Mann-Whitney Test), lost their 
statistical significance in the second period and were discarded during 
variable selection. This could suggest a transition in the coastal regime. 
In the 2000–2010 period, shoreline changes were driven by a balance 

between the coast setting and wave energy. In the 2011–2020 period, 
the natural interaction between these factors – which MARS successfully 
modelled in the first decades – fades away. The model is not able to find 
stable basis functions involving geomorphological variables leaving only 
the wave climate variables as significant despite they create lower 
overall predictive accuracy. The analysis of the full 20-years period 
(Model E) shows an intermediate behaviour, with a mean AUC of 0.81 
(Table 8) and a variable importance structure (Fig. 7, blue bars) similar 
to the ‘natural’ regime of the first decade. The Coastal Slope (S) is again 

Fig. 6. Receiver Operating Characteristic (ROC) curves and corresponding AUC distributions for the MARS susceptibility models of the two datasets (CUT 4 and CUT 
2). The ROC curves represent the average performance of 100 model replicates per configuration. The boxplots summarise the distribution of AUC values. The 
labelled points along the ROC curves indicate the optimal thresholds identified using the Youden Index criterion.

Table 8 
Mean, minimum, maximum, SD and 95% CI AUC values for MARS models across 
three periods: 2000–2010 (Models A, B), 2011–2020 (C, D), and 2000–2020 (E, 
F).

Period Model Mean Min-Max SD 95% CI

2000–2010 A 0.85 0.80–0.87 0.01 0.847–0.852
B 0.83 0.82–0.84 0.003 0.829–0.831

2011–2020
C 0.73 0.69–0.77 0.02 0.729–0.736
D 0.73 0.70–0.74 0.005 0.724–0.727

2000–2020
E 0.81 0.78–0.86 0.013 0.809–0.814
F 0.80 0.79–0.81 0.003 0.803–0.804

Fig. 7. Variable Importance plots for Models A, C, and E. The length of the bars 
indicates the strength of each variable's contribution to the models' predictive 
performance.
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dominant (100% selection), and other predictors reappear, including the 
longshore sediment transport direction (Dr) and the geomorphological 
classes. The 2000–2020 model masks the weak predictive signal of the 
2011–2020 period, demonstrating the importance of temporal division, 
in fact, using only the entire period would have led to the conclusion 
that the model is robust (AUC 0.81), losing the information that the 
system has changed in the recent decade. Once the importance of the 
predictors in determining the probability of erosion had been defined, 
these continuous probabilities generated by the model were converted 
into a binary classification. To identify the optimal cut-off threshold that 
maximized discrimination between stable and erosive sectors, the 
Youden Index criterion was applied, which is fundamental for deriving 
the final accuracy metrics (Sensitivity, Specificity, Accuracy). The 
Youden Index (J), applied to the ROC curves of the models, determines 
the optimal discrimination threshold. The Youden Index is defined as

J = maximum {Sensitivity+ Specificity − 1}.

Geometrically, the maximum value of J is the maximum vertical 
distance between the ROC curve and the diagonal line (the line of no- 
discrimination) and indicates the cut-off point that ensures that the 
model correctly identify retreating transects (high sensitivity) and 
advancing transects (high specificity). In each ROC curves, the corre
sponding sensitivity and specificity for each threshold were used to 
calculate J. The threshold that produced the highest J value was selected 
as the optimal cut-off point. This method ensures that cut-off point used 
to binarize the prediction is chosen objectively, reflecting the best 
achievable discriminatory power for the specific model.

By applying the Youden-index criterion, optimal scores cut-off were 
recognized into the ROC-curve and a binarized prediction into 
advancing/retreating status produced for setting the confusion matrices 
(Table 9) which allow the evaluation of cut-off dependent accuracy 
metrics, including Sensitivity, Specificity, Positive Prediction Values 
(PPV), Negative Prediction Value (NPV). Model B (2000–2010), has the 
highest overall accuracy (0.76) and a sensitivity of 0.84. However, the 
value of specificity of 0.66 suggests a tendency to misclassify advancing 
transects as retreating. Model D (2011–2020), achieved the highest 
sensitivity (0.85), indicating a strong ability to correctly identify posi
tive cases. However, it displayed the lowest performance among the 
three, with an accuracy of 0.69, a value of specificity of 0.50, and an 
overall accuracy of 0.69. A specificity of 0.50 implies that for advancing 
area, the model is guessing (50/50). The high sensitivity (0.85) is ach
ieved only because the cut-off is low (0.43), this suggests that the 
optimization process was forced to lower the threshold significantly to 
capture the erosion signal, resulting in high value of false Positive and 
the lowest Overall Accuracy (0.69). Finally, Model F, had the highest 
specificity (0.81) and PPV (0.81), suggesting a strong capability in 
correctly classifying negative cases. However, its sensitivity was lower 
(0.60), resulting in a moderate overall accuracy of 0.73 and an NPV of 
0.66.

To investigate whether the observed performance decline of Model D 
(2011–2020) was a consequence of human intervention, a temporal 
validation was conducted (model trained in the period 2000–2010, 
tested in the period 2011–2020, n = 2244 transects). An AUC of 0.58 
was obtained, with high Sensitivity (0.94) but low Specificity (0.22). 
The high percentage of False Positive suggest that the rules learned 
during the calibration period (2000–2010) were not perfectly applicable 

to the second decade, likely due to latent factors not captured by the 
model—such as anthropogenic interventions (defence works or nour
ishment). To further test this, a temporal validation was performed 
again, dividing the dataset into two subsets: (1) transects affected by 
anthropogenic interventions during the 2010–2020 period, and (2) 
transects without direct interventions (‘natural’). For transects affected 
by human interventions (n = 929), predictive performance decreased 
significantly, (Sensitivity 0.46 and AUC 0.58). The model misclassified 
61% of these transects. In particular, in 25% of cases (False Positives), 
the model predicted erosion based on natural factors, but the coast 
remained stable; this suggests that interventions effectively mitigated 
the natural behaviour, masking the predicted erosion trend. Conversely, 
in 36% of cases (False Negatives), the model predicted stability, but the 
coast still retreated. This means that certain defence works were inef
fective and also suggests that erosion was driven by interacting pro
cesses invisible to the model, such as sediment budget deficits or local 
erosion induced by the structures. In sectors without direct interventions 
(n = 1315 natural transects), the model shows high Sensitivity (0.89), it 
is able to correctly identify areas physically susceptible to erosion (AUC 
0.63). However, the low Specificity (0.30) and the high percentage of 
False Positives (41%) indicate a overestimation of risk. This implies that 
the coastline exhibited a higher resilience than predicted by the 
2000–2010 calibration.

4.3. Susceptibility map

In light of the obtained results, model F was adopted to depict the 
susceptibility spatial pattern of the Tuscany coast.

In fact, the marked difference in the performance of the 2011–2020 
models (C and D) compared to the 2000–2010 models (A and B) suggest 
a structural discontinuity in the governing factors. This can be attributed 
to combined causes: on one hand, the anthropogenic pressures (nour
ishment and defence works) could have masked or amplified the erosion 
signal; on the other, there was a variation in the natural morphodynamic 
response which made the coastline more resistant in some sector. 
Further, although Model B (2000–2010) achieved the highest statistical 
accuracy, it was not selected because it is trained on an older regime, 
ignoring the recent human modifications and the new natural dynamics. 
Conversely, the 20-year models (E and F), have seen recent data and 
provide a comprehensive assessment of susceptibility that is more 
representative of the current reality. The final selection of the CUT2 
criterion (Model F) over CUT4 (Model E) is based on negligible differ
ence in their performance (AUC 0.80 and AUC 0.81, respectively). 
Although the CUT4 criterion is more rigorous, this minimal difference 
indicates that Model F (CUT2) maintains high predictive power; 
furthermore, this model allows a finer spatial resolution and continuous 
coverage.

Finally, for susceptibility mapping, minimizing False Positive is 
important to avoid overestimating risk. Model F achieved the highest 
Positive Prediction Value (0.81) and Specificity (0.81) among all 
models. This correspond to a conservative criterion, ensuring that the 
areas identify as susceptible are characterized by a very high probability 
of real erosion. Therefore, the model F (2000–2020 CUT 2) was selected 
for susceptibility mapping (Fig. 8).

In order to obtain four objective and quantitative susceptibility 
classes, a double recursive application of the Youden-index criterion was 

Table 9 
Performance metrics for models B, D, and F based on the optimal Youden Index cut-off. Metrics include overall accuracy, sensitivity, specificity, and predictive values 
(positive and negative.

Model Youden Index Cut-off Accuracy Sensitivity Specificity Prediction value

Positive Negative

B 0.46 0.76 0.84 0.66 0.75 0.77
D 0.43 0.69 0.85 0.50 0.66 0.75
F 0.59 0.73 0.60 0.81 0.81 0.66
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performed. The procedure consists of a two-step hierarchical classifi
cation. In the first level, the Youden Index was applied to the Model F 
(2000–2020) ROC curve, identifying the primary optimal cut-off at 0.59. 
This threshold split the dataset into two main subsets, RETREAT and 
ADVANCE (transects with score higher and lower than the cut -off value, 
respectively. In the second level, the Youden Index criterion was then re- 
applied independently to the specific ROC curves generated for each of 
these two subsets. This identified two secondary cut-offs, subdividing 
the ADVANCE subset into 1-Low and 2-Medium susceptibility, and the 
RETREAT subsets into 3-High and 4-Very High susceptibility. This 
approach generated four objectively defined susceptibility classes. The 
analysis of obtained susceptibility classes along the coast revealed that 
Class 4-Ver High susceptibility was the most prevalent (31.8%), fol
lowed by Class 2-Medium (27.4%) and Class 1-Low (23.7%). Class 3- 
High was the least represented, only 17.0% of the total transects fall 
within this class.

From the comparison of the susceptibility classes with the Geo
morphology Classes (Fig. 8), emerges that Low Gravelly shorelines (G 1) 
are the more susceptible, with 69.8% of transects classified as “Very 
High.” Low-Sandy Coasts (G 2) also show 32.9% of transects classified as 
“Very High.” These coastlines consist of unconsolidated sediments 
(gravel and sand) highly dynamic and sensitive to wave energy. For 
sectors with Coastal Defence Structures (G 5), the percentage of tran
sects falling into “Very High” susceptibility class (33.6%) could indicate 
the ineffectiveness of the structures, but likely reflects the fact that the 
hazard is still present.

Riverbanks (G 6) and Connections (G 4) appear to be the most stable 
classes. Riverbanks (G 6) shows the highest percentage of “Low” sus
ceptibility (68%), with only a small fraction (4%) classified as “Very 
High.” Connections (G 4) is the only geomorphological class where the 
“Very High” susceptibility class is missing; 63.6% of these transects are 
classified as “Low,” followed by 22.7% as “Medium.”

Finally, in the Low sandy coast with shifting or fixed dunes class (G 
3) 55.4% of transects fall in the “Low” class and 23.1% are classified as 
“Very High,” suggesting the presence of areas of erosion or instability 

within these costs.
By comparing the spatial distribution of the four susceptibility clas

ses and the five associated consistent (2000–2020) NSM classes (NSM >
12 m; 12 m > NSM > 4 m; 4 m > NSM > -4 m; − 4 m > NSM > -12 m; 
NSM < -12 m) transect responses (Fig. 9), it is confirmed the spatial 
correspondence of high/low susceptible to negative/positive (retreat
ing/advancing) NSM transects, respectively.

The comparison between the Susceptibility Classes and the observed 
Net Shoreline Movement (NSM) values (Fig. 10a) attests for the high 
quality of the model, with a clear coherent median shifting toward 
retreating transects, from low (1) to very high (4) susceptibility classes. 
It is worth to note that the more marked separation arises for very low 
from medium susceptible transects, the former being characterized by 
strong advancing NSMs, and, to a lesser extent, for high from very high 
susceptible transects, the latter being characterized by strong retreating 
NSMs.

At the same time, a larger superimposition is observed between the 
medium and high susceptible transects. By analysing the results in the 
Susceptibility/NSM domain, a coherent trend from advancing to 
retreating transects is evident if moving from low to very high suscep
tible conditions Fig. 10.

By reclassifying the NSM values, a marked goodness of fit of the 
model more clearly arises (Fig. 10b). The majority of transects classified 
as having Low susceptibility (Class 1) match up to high shoreline 
advancement (NSM Class 1), while the transects with higher suscepti
bility classes (Classes 3 and 4) are pre- dominantly associated with 
greater shoreline retreat (NSM Classes 4 and 5). In particular, 82% of the 
transects classified as Very High Susceptibility (Class 4) fall into the two 
highest shoreline retreat classes (NSM Classes 4 and 5), corresponding to 
shoreline retreats greater than 4 m. As well, 62% of the transects clas
sified as Low Susceptibility (Class 1) are associated with significant 
shoreline advancement (NSM Class 1).

Finally, Fig. 11 shows the relationship between the Susceptibility 
Classes derived from the model and the Coastline Dynamics Classes in 
the two periods considered. In facts, as above claimed, a large set of 
transects showed a reversal trend (i.e. “Advance → Retreat” and “Retreat 
→ Advance”). A good correspondence is observed between the linear 
transects (i.e. “Advance → Advance” and “Retreat → Retreat”) with 
strong concentration in the less (Classes 1 and 2) and more (Classes 3 
and 4) susceptible classes. As expected, a less prediction skill of the 
model characterizes the reversal transects. This more scattered distri
bution could reflect the influence of local factors, temporal dynamics or 
anthropic interventions that the susceptibility model is not able to 
capture.

5. Discussion

The analysis of shoreline changes along the Tuscan coast between 
2000 and 2021, as illustrated in Fig. 4, reveals a non-linear evolution of 
erosional and accretional patterns. The results show a predominance of 
erosional processes during the first decade (2000–2010), followed by a 
modest improvement in stability and localised accretion in the second 
(2011–2020), with the cumulative period reflecting the legacy of both 
dynamics. This temporal variation is not uniform across the region and 
reflects site-specific interactions be- tween sediment supply, coastal 
morphology, and anthropogenic pressures. In particular, near the 
Ombrone River (Fig. 4), exhibited severe shoreline retreat, consistent 
with previous studies that identified this delta as one of the most 
erosion-prone in the Italian peninsula. According to Cipriani et al. 
(2013), erosion rates in this sector can reach up to 5–6 m/year, driven by 
a combination of natural sediment starvation and human interventions 
such as up- stream dam construction. The persistence of erosional hot
spots in Fig. 4-C2 underscores the ongoing vulnerability of this coastal 
system, even during periods of reduced retreat elsewhere. These trends 
are in line with findings from national-scale studies, which show that 
over 75% of Italian river deltas suffer from erosion, rising to 100% when 

Fig. 8. The percentage distribution of susceptibility classes within each 
geomorphological class. (G1: Low Gravelly Coast; G2: Low Sandy Coast; G3: 
Low sandy coast with shifting or fixed dunes; G4: Connections; G5: Coastal 
Defence Structures; G6: Riverbanks). Susceptibility levels range from Low 
(beige) to Very High (dark red).
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unprotected by hard infrastructure (Luppichini and Bini, 2025). The 
critical state of the Ombrone delta is strongly linked to long-term re
ductions in fluvial sediment input, due to both structural regulation (e. 
g., dams, levees) and hydroclimatic changes. The responses of the 
Ombrone delta reflect their distinct sediment budgets and coastal con
figurations. The Ombrone sector is affected by long-term sediment 
starvation linked to upstream regulation and reduced fluvial input.

Studies show that the Ombrone and Arno rivers have experienced a 
significant decline in suspended sediment transport over the past cen
tury, linked to decreasing precipitation, forest expansion, and land use 
changing across their catchments (Luppichini et al., 2024; Baronetti 
et al., 2022). These pressures have been shown to reduce not only the 
volume of sediments delivered to the coast but also the frequency of 
high-magnitude flood events capable of transporting coarse material to 
the shoreline. Although a recent moderate increase in events exceeding 
700 m3/s has been documented, values typically associated with sand 
transport, these have not been sufficient to reverse the erosion trends 
observed over the study period. On the contrary, the northern sector 
(Fig. 4, subsections A1–C1), which includes the urbanized areas of 
Viareggio and Marina di Massa, exhibited relatively stable or even 
increasing shoreline trends throughout the analysed period 
(2000–2020). However, some coastal stretches (e.g., Fig. 4, subplot A2) 
showed both advancing and retreating segments during the 2000–2010 
period. This pattern shifted in the 2011–2020 period, with the 

emergence of erosive phenomena (e.g., Fig. 4, sub- plot B2). Therefore, 
when considering the entire analysis period (2000–2020), the shore
line's overall behaviour can be classified as erosive (e.g., Fig. 4, subplot 
C2). This observation aligns with recent findings that suggest shoreline 
stability in anthropized contexts often depends on continual human 
maintenance, including beach nourishment and artificial structures 
(Bini et al., 2021). In heavily urbanized and engineered stretches, such 
as that north of the Arno delta, the evolution of the shoreline is closely 
tied to direct human intervention. Indeed, the Pisa coastal plain has 
undergone intensive modifications since the early 20th century, with 
complex systems of groins and detached breakwaters constructed to 
counteract erosion (Bini et al., 2021; Pratellesi et al., 2018). Despite 
these defences, sediment dispersion studies using Sentinel-2 imagery 
show that a significant portion of riverine sediments is diverted offshore 
due to hydrodynamic shadowing and the orientation of jetty systems, 
particularly at the Arno mouth (Bini et al., 2021). This offshore loss of 
sediment, combined with the lack of consistent bypassing, explains why 
certain sectors continue to exhibit erosion or require constant artificial 
nourishment to maintain beach volumes. For example, areas south of 
Marina di Pisa and around Tirrenia have undergone repeated beach 
replenishment efforts over the last two decades (Bini et al., 2021) yet 
remain morphodynamically unstable. Marina di Pisa is strongly condi
tioned by hydrodynamic shadowing induced by jetties and coastal 
structures that divert the Arno sediment plume offshore. Fig. 12 shows 

Fig. 9. Observed Net Shoreline Movement (left) and Predicted Susceptibility Classes from Model F (right) along the study area. Reference System: WGS84-UTM32N 
- EPSG:32632.
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four zoomed-in views of selected coastal segments. The dashed black 
line represents the shoreline position in 2000, while the solid black line 
corresponds to the shoreline in 2020. The susceptibility predicted by the 
model is symbolised by arrows, white arrows indicate low susceptibility, 
and dark red arrows indicate very high susceptibility. Starting from the 
northern part of the shoreline, in the ‘Marina di Pietrasanta’ sector, the 
agreement between observed shoreline evolution and predicted sus
ceptibility is evident. This area experienced shoreline advancement 
during both periods, and the model correctly classified it as low sus
ceptibility area. Similarly, the ‘Marina di Pisa’ sector, which under- went 
retreat in both periods, was classified as a very high susceptibility area. 
Moving toward the south of the Tuscany shoreline, near the Ombrone 
river, the agreement between the observed shoreline dynamic and the 

outcome of the model is still appreciable. However, the variable 
behaviour presents in these shoreline sectors- advance →retreat or 
retreat → advance- makes the model more challenging to maintain ac
curacy. These patterns align with recent Mediterranean studies report
ing an acceleration of regional sea-level rise (Calafat et al., 2022) and an 
increase in storminess during the last two decades (Lionello et al., 2017). 
Regional analyses indicate that mean Mediterranean Sea-level rise 
accelerated to ~3.6 mm yr− 1 in the early 21st century (De Leo et al., 
2021) and that western Mediterranean sectors have experienced 
increasing storm intensity/wave energy (Amarouche et al., 2022; 
Amarouche and Akpınar, 2021), factors that can amplify shoreline 
retreat when coupled with sediment deficit. Although attribution to 
climate is beyond the scope of this retrospective analysis, these broader 

Fig. 10. a) Boxplot showing the distribution of observed Net Shoreline Movement (NSM) values across the four predicted Susceptibility Classes; b) Stacked bar plot 
showing the proportion of susceptibility classes predicted by Model F across different observed NSM classes.

Fig. 11. Barplot showing the relationship between Susceptibility Classes predicted by the model (y-axis) and observed coastline dynamics classes (x-axis), where 
“Advance” indicates transects in advancement for both periods (2000–2010 and 2011–2020), “Retreat” refers to retreating transects, “Advance- > Retreat” represents 
transects that shifted from advancing to retreating, and “Retreat -> Advance” indicates the opposite trend.
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trends are consistent with the spatial patterns of increased susceptibility 
identified in Tuscany. Although the present study is retrospective, the 
identified role of storm-related predictors suggests that projected in
creases in storm frequency and intensity could further enhance erosion 
susceptibility in the coming decades. Finally, the sediment-starved 
behaviour observed in some Tuscan deltaic sectors (e.g., Ombrone, 
parts of the Arno plume) are comparable to other Mediterranean deltas 
that have experienced marked sediment reductions due to river regu
lation and flow alteration. For example, the Rhône delta has been sub
ject to significant morphodynamic changes (Fanget et al., 2016) linked 
to anthropogenic interventions and altered sediment delivery 
(Provansal et al., 2014); the Nile delta experienced accelerated erosion 
after the construction of the Aswan High Dam due to trapped sediment 
(Ghoneim et al., 2015). Similarly, the Ebro delta shows strong sediment 
deficit related to upstream abstractions and dams (Martin-Carrasco 
et al., 2025).

As regards the adopted methodology, a confirming picture has been 
obtained with an effective skill of the MARS modelling approach to 

explain the shoreline movements with a resolution up to ±2 m as the 
result of a set of explanatory variables whose informative layers can be 
easily gathered from a public repository for any region of Italy. In facts, 
differently from expert-based index-based approaches stochastic 
modelling allows to quantitatively and objectively detect importance 
and parameters of each single factor, as well as any potential collinearity 
between different factors, final multivariate score for shoreline response 
prediction, criteria for splitting into operative classes of the prediction 
scenarios and related maps.

Indeed, one of the more important steps in the modelling procedure 
is the selection of suitable analysis/mapping units, which have to 
correspond as far as possible to laterally closed systems, limiting the 
sediment transfer to adjacent units. At the same time, handling temporal 
shoreline movements databases allows the user to detect both temporal 
coherent and incoherent trends, opening the interpretation to the tem
poral changes in the controlling factors: mainly, wave climate and 
anthropogenic phenomena.

The results of the application of the MARS models underline the role 

Fig. 12. Zoomed-in view of coastal segment. Reference System: WGS84-UTM32N - EPSG:32632.
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that physical and climatic variables play in the processes of coastline 
retreat and advance. Specifically, the slope of the coastline appears to be 
the most influential factor in both the 2000–2010 and 2000–2020 
models. On the contrary, for the period 2011–2020, the variables asso
ciated with meteorological-marine conditions emerges as the most 
relevant predictors. Despite the overall good performance of the models 
(AUC greater than 0.7), in the period 2011–2020 a decrease in model 
accuracy and greater variability was observed. This could reflect a 
greater complexity of coastal dynamics in the last decade, potentially 
due to the combined and non-linear effects of climate, anthropogenic 
pressures and sediment transport processes. Overall, the results indicate 
that the model can identify with good reliability transects characterized 
by constant and coherent dynamics. However, the greater heterogeneity 
observed in transects with trend reversal suggests the need for future 
investigations or the integration of additional explanatory variables.

6. Conclusions

The observed evolution patterns confirm that Tuscan coastal systems 
are highly sensitive to both fluvial and marine forcing, and their future 
trajectory will largely depend on integrated watershed–coast ap
proaches. A forward-looking strategy must integrate sediment flux 
restoration and nature-based solutions, in parallel with reassessing the 
effectiveness and un- intended consequences of hard defences. Resto
ration of sediment continuity along river systems—particularly in rela
tion to dam management, floodplain reconnection, and improved 
monitoring of sediment transport—is essential to address the root causes 
of erosion. Moreover, adaptive coastal management must be informed 
by a detailed understanding of the temporal and spatial variability in 
shoreline response, including the role of hydrodynamics, sediment 
budgets, and human infrastructure. Without addressing the causes of 
sediment deficit, even the best coastal protection efforts risk being 
temporary, spatially limited, or even counterproductive.

As regards the specific experimental case, MARS modelling allowed 
to correctly predict the temporal evolution of the shoreline with a 
calibration to validation scheme both for each single time window and 
the whole period, attesting for the good accuracy and reliability of the 
method. However, some decreasing in the performance of the models 
arose for the 2011–2020 window as results of the lack of quantitative/ 
qualitative data about anthropogenic subtraction (river damming) or 
supply (beach nourishment). At the same time, approaching coastal 
erosion susceptibility assessment by means of multivariate methods 
allow us to derive quantitative and objective estimation of the proba
bility for any given coastal transect to extend/retreat from a reference 
baseline based on a set of predictors. Differently from largely adopted 
approaches, the proposed method dose not suffer for overfitting effects 
produced by the inclusion of the observed outcome signal among the 
controlling factors. In contrast, the past observed morphodynamic 
coastal signal is exploited to best fit the coefficients of the covariates 
which have been selected as potentially suitable to explain advance
ment/retreatment patterns. In particular, coastal slope (S), class 4 of the 
main longshore sediment transport direction (Dr4) and the variable 
related to wave climate are the most influencing for the model 
performance.
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Kjeldsen, T.R., Kohnová, S., Koskela, J.J., Ledvinka, O., Macdonald, N., Mavrova- 
Guirguinova, M., Mediero, L., Merz, R., Mol-nar, P., Montanari, A., Murphy, C., 
Osuch, M., Ovcharuk, V., Radevski, I., Salinas, J.L., Sauquet, E., Šraj, M., Szolgay, J., 
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