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1 Introduction 

Current global warming directly affects the different components of the hydrological cycle (Allan, 2011; 

Bates et al., 2008). Such components include rainfall and temperature patterns, frequency and intensity of 

extreme events, and changes in soil moisture (Stagl et al., 2014; Xu et al., 2011), with substantial 

consequences in terms of socio-economic conditions and financial policy of the countries involved. For 

instance, from 1980 to 2017 Germany, Italy, France, and the United Kingdom are the European countries 

that have spent the highest amount of money as a result of the impact of extreme weather and climate-related 

events (European Environment Agency, 2019).  

The annual rainfall amount is influenced by current global warming with spatial differences in Europe where 

there are areas characterized by an increase in rainfall and a decrease in other areas (Bertola et al., 2019; 

Blöschl et al., 2019). Current global warming also influences the probability of Extreme Precipitation Events 

(EPE) caused by an increase in energy and water vapor in the atmosphere (Jonkman, 2005; Tramblay et al., 

2013; Westra et al., 2014). The change in rainfall regimes induces pressures and variations on the 

environments related to the hydrological cycle. The coasts are certainly vulnerable to global warming 

because of sea-level rise and potential increase in storms (Bini and Rossi, 2021; Ericson et al., 2006). Indeed, 

rainfall regime change induces a variation of the river capacities to transport solid load, and this can induce 

an increase in the vulnerability of these environments (Anthony, 2018; Anthony et al., 2014; Besset et al., 

2019; Ericson et al., 2006) 

1.1 Research aims 

This work aims to investigate the rainfall regime variations and to improve the knowledge of the 

influence of climate change in Tuscany (central Italy). The region has a strategic location: it is situated in the 

northern sector of the Mediterranean, in the proximity of the Genoa Gulf, by far the most active cyclogenetic 

center of the Mediterranean (Trigo et al., 2002). The different influences of current global warming on the 

rainfall regimes, highlighted for northern and southern Europe, induces to have transition zones and central 

Italy is located in one of these transition zones (Blöschl et al., 2019). However, the accuracy of previous 

studies carried out on a large-scale does not allow to identify the bounders with great precision. As a matter 

of fact, these studies are poorly supported by the use of several number of stations, mainly in the 
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Mediterranean (Blöschl et al., 2019; Deitch et al., 2017; Huo et al., 2021). More detailed studies and the use 

of larger amounts of data will be necessary to improve the knowledge of these transition zones. 

Specifically, the purpose of this climatic work is to investigate the rainfall seasonal trends of the last 70 

years in relation to mesoscale circulation and to atmospheric teleconnections. The rainfall dataset employed 

came from several raingauges with high spatial density and temporal activity from 1950 to 2020. The large 

number of raingauges allowed us to investigate the rainfall trend in great detail and with direct 

measurements. The rainfall trends are compared with the NAO, EA and WeMO indices by means of 

mathematical and statistical methods designed to understand how the climatic trends influence the rainfall 

regime in this area. We investigated the link between the different indices by using traditional statistical 

methods (Spearman, 1904) and by introducing an innovative approach, which employs a linear model to 

understand the influence of each index on rainfall prediction. The combination of these different methods 

can help us understand the accuracy and the advantages of the new method proposed. In this study, we 

compare the SSTs with the atmospheric indices to improve knowledge on the rainfall trend and to understand 

possible future scenarios.  

This study also aims to investigate the rainfall-temperature relationship by analyzing the temperature 

anomalies occurred during the EPEs and by calculating the CC relation for more than 100 rain gauges and 

for sub-daily and daily rainfalls. This high spatial resolution allows to identify the different effects of 

temperature on the rainfall regime and to improve the knowledge of an important area of the Mediterranean.   

The Pisan coastal plain of Tuscany has been selected to study both the effects of current global warming and 

the anthropogenic factors on the coastal environment. The long series of data available for the Pisa coastal 

plain has made it possible to better understand the current evolution and to predict future trends. In this 

study, we intend to relate the costal erosion to the geomorphological features of the coast, to remote-sensing 

analysis, and to river flow discharge data. The Pisan coastal plain has been affected by marked erosive 

coastal processes since the late nineteenth century (1850–1870) (Besset et al., 2019, 2017; Bini et al., 2008; 

Borgh, 1970; Grottoli et al., 2019; Palla, 1983; Pozzebon et al., 2018; A.R. Toniolo, 1910). Here, the 

temporal evolution of erosion and the possible effects of the construction of anthropogenic defenses have 

been extensively studied (Bertoni and Mencaroni, 2015; Bini et al., 2008; Pranzini et al., 2018), while the 

primary causes of this phenomenon have been less analyzed.  
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In the awareness of the effects and future scenarios based on current global warming, this work proposes 

two tools that can help improve territory management. The coastal territory must be monitored so that the 

infrastructures capable of protecting and safeguarding the environment can be implemented. Coastal 

environment monitoring is an important procedure and the basis for the correct construction of 

infrastructures and interventions capable of mitigating and preserving these environments. This work 

proposes a new method based on the beach profile derived from high resolution Digital Elevation Model 

(DEM) to identify the shoreline position. More specifically, we suggest a method based on Structure from 

Motion (SfM) techniques to build a high-resolution DEM from UAV images. We believe this innovative 

method can be better applied in various contexts with respect to techniques based on image colours, which 

are influenced by several factors such as acquisition time, period of year, cloudy weather conditions, and 

waves. These factors have often strongly influenced the results, whereas a method based on beach 

topography is more objective.  

The second tool proposed in this work is aimed at improving the management of flood events through the 

use of artificial intelligence techniques. Specifically, the goal of this work is to demonstrate that deep-

learning approaches can be employed to predict flood events in watersheds characterized by fast flood 

events. The study area is represented by the Arno River basin (in Tuscany), which experienced many 

damaging floods in the past (Becchi, 1986; Caporali et al., 2005), and which is characterized by very sudden 

events that developed in less than 24 hours. We use very high-frequency data for a detailed reconstruction of 

flood events. The work is designed to create deep-learning models able to predict flood events within a few 

hours’ notice. The architecture of the applied deep-learning model is based on an encoder-decoder LSTM 

layer, by simply using rainfall and hydrometric height data. The few types of data exploited by a deep-

learning model, as opposed to a physically-based model, allows the user to apply the same techniques of this 

study to different cases. Deep-learning techniques will make it possible to create catchments models for 

which there is scarce territorial information. Many studies have applied these techniques to large river basins 

characterized by multi-day events. Some examples may include studies that have involved several 

watersheds scattered across various continents (Boulmaiz et al., 2020; Kratzert et al., 2018), large basins of 

North America (Chattopadhyay et al., 2020), and Chinese rivers having large flow rates (Le et al., 2019; Li et 
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al., 2020; Liu et al., 2020; Van et al., 2020). Thus, the application of the method to smaller catchments is 

excellent news and of relevant importance for many purposes. 

A systematic scheme of the study goals is displayed in Figure 1.1. 

 

Figure 1.1. Flowchart of the aims of this study.  

1.2 Effects of climate change on rainfall regimes 

The Mediterranean region is an ideal research testbed for current climatic changes because it is located in a 

transition zone and is considered a hot spot for future climatic changes (Giorgi, 2006). The Mediterranean, 

situated between the European humid domain and the North African arid belt, provides alternating 

circulation regimes with large spatial and temporal variability (Dünkeloh and Jacobeit, 2003). In this context, 

a correct study of rainfall regimes can improve the management of water resources (Tramblay et al., 2020) 

and extreme events (Cardoso Pereira et al., 2020; Myhre et al., 2019). Several studies have identified a 
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general decrease (although with some exceptions) in the annual rainfall amount in the area of the 

Mediterranean basin (Bertola et al., 2019; Blöschl et al., 2019; Caloiero et al., 2018, 2011; Caporali et al., 

2021; Colantoni et al., 2015; Deitch et al., 2017; Dünkeloh and Jacobeit, 2003; Halifa-Marín et al., 2021; 

Longobardi and Villani, 2010; Martin-Vide and Lopez-Bustins, 2006; Philandras et al., 2011; Ríos-Cornejo 

et al., 2015), as well as atmospheric patterns related to mesoscale circulation (Brandimarte et al., 2011; 

Caloiero et al., 2011; Halifa-Marín et al., 2021; Lopez-Bustins et al., 2008; Luppichini et al., 2022b, 2021; 

Martinez-Artigas et al., 2021; Ríos-Cornejo et al., 2015; Trigo et al., 2004).  

During the winter months, one of the main drivers of rainfall variability in southern Europe and in the 

Mediterranean is the presence of different pressure fields over the Northern Atlantic Ocean and their 

variability indicated as the North Atlantic Oscillation (NAO) (Hurrell, 1995). NAO is defined by an index 

measured as a north-southern dipole of pressure anomalies, with one pole located at higher latitudes (Iceland 

Low 80°N) and the other at the central latitudes of the North Atlantic between 35°N and 40°N (Azores 

High). The East Atlantic (EA) index is similar to that of NAO but is displaced south-eastward to the 

approximate nodal lines of the NAO pattern. The EA index is often interpreted as a downward-shifted NAO 

model, but its strong subtropical link entails a different peculiarity. The EA values increase with a significant 

drop in pressure occurred in the Atlantic Ocean; at the same time, the subtropical oceanic anticyclone belt 

rises considerably in latitude and reinforces itself. In response, the African anticyclone gains energy and 

invasiveness over the Mediterranean, subjecting this area to frequent pulses of hot and dry Saharan air in all 

seasons (Climate Prediction Center, 2021; Mellado-Cano et al., 2019).  

The NAO and EA indexes present interannual and annual variabilities with positive and negative phases. 

The rainfall in the Mediterranean can be associated with a negative phase of NAO and/or EA, when we 

observe an expansion of the Iceland Low. Instead, during a positive phase of NAO and/or EA, Northern 

Europe is the rainiest area (Rousi et al., 2020). Both NAO and EA are influenced by the Sea Surface 

Temperature (SST) of the Northern Atlantic Ocean (NASST) and of the Mediterranean (MSST). An increase 

in NASST and in MSST is correlated to an expansion of the Azores High and to a consecutive reduction of 

the Iceland Low, which results in the formation of the NAO and EA positive phases (Frankignoul et al., 

2003; Robertson et al., 2000; Visbeck et al., 2001). More recently, NAO has been correlated to the Atlantic 

Multidecadal Oscillation (AMO), a representative index of the NASST trend (Knight et al., 2005). AMO 
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changes the zonal position of the NAO center of action, moving the cyclonic area closer to Europe or to 

North America. During a positive phase of AMO, the Icelandic Low moves further towards North America, 

while the Azores High moves further towards Europe, and vice versa, for the negative phase of AMO 

(Börgel et al., 2020). The statistical correlation between the NAO and the winter rainfalls in Europe varies 

over time (Vicente-Serrano and López-Moreno, 2008), and this is in relation with the NAO and AMO 

indices (Luppichini et al., 2021).  

The Western Mediterranean oscillation (WeMO) is an index often used to study rainfall variability in 

alternative to NAO in the Mediterranean region. The WeMO index is the difference of atmospheric pressure 

in a dipole, with the first pole located in Padua (45.40◦N, 11.48◦E) in northern Italy, and the second one 

located in San Fernando, Cádiz (36.28◦N, 6.12◦W) in southwestern Spain (Climatic Research Unit, 2021). 

More specifically, the former is located in the Po plain (an area with relatively high barometric variability 

due to the different influence of the central European anticyclone and the Genoa Gulf Low), while the latter 

pole is located in the Gulf of Cádiz in the southwest of the Iberian Peninsula, often subject to the influence of 

the Azores anticyclone and, episodically, to the cut-off of circumpolar lows, or to its own cyclogenesis 

(Halifa-Marín et al., 2021; Lopez-Bustins et al., 2020; Martin-Vide and Lopez-Bustins, 2006). A positive 

phase of WeMO is associated with a low-pressure area in the Ligurian Sea and with an anticyclone in the 

Gulf of Cadiz. Instead, a negative phase of the index determines a low in the Gulf of Cadiz and an 

anticyclone in Central Europe. WeMO is influenced by the NASST and MSST, but also by the Genoa Gulf 

Sea-Surface Temperature (GGSST), with positive values correlating to low values of SST (Martín et al., 

2012; Martin-Vide and Lopez-Bustins, 2006). Current global warming causes a progressive increase in 

NASST, MSST and GGSST (Pastor et al., 2020; Wang and Dong, 2010), so that NAO and EA are likely to 

be characterized by more positive phases, and WeMO by more negative phases.  

Global warming also induces a change in the EPEs, which are one of the most frequent natural hazards 

that induce landslides and floods, causing severe negative consequences on the society, environment, and 

economy (Jonkman, 2005; Tramblay et al., 2013; Westra et al., 2014). The expected increase in EPEs is 

primarily based on the increase in atmospheric saturation vapor pressure as a function of temperature, 

governed by the Clausius‐Clapeyron (CC) relation, at a rate of ~7%/ºC at the Earth’s surface (Allan et al., 

2010; Allen and Ingram, 2002; Pall et al., 2007; Trenberth et al., 2003).  
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In the last years, several works have investigated the variation of extreme precipitation intensity on the 

variation of temperature. In other applications combined temperature-humidity measures, such as the dew 

point temperature, have been used as alternative measures to study the combined effect of air temperature 

and moisture availability (Ali et al., 2018; Lenderink et al., 2011; Lenderink and van Meijgaard, 2008; 

Lepore et al., 2015). Some observational studies conducted in different zones of the world have 

demonstrated scaling rates that are either higher (super-CC) or lower (sub-CC) than CC scaling (e.g., Berg et 

al., 2013; Blenkinsop et al., 2015; Hardwick Jones et al., 2010; Pumo et al., 2019). Seasonality plays an 

important role in defining the scaling rate for precipitation (Berg et al., 2009) and several works are 

identified a change of scaling rates in relation with seasons (Allan et al., 2010; Haerter et al., 2010; Hardwick 

Jones et al., 2010). In general, a greater increase in winter than in summer in areas characterized by high 

mean temperature (>24°C), and negative scaling rates have been observed (Haerter et al., 2010; Hardwick 

Jones et al., 2010; Panthou et al., 2014; Shaw et al., 2011). Basically, this could imply a decrease in extreme 

rainfall intensities as temperatures rise; however, it could also be the result of lower humidity at higher 

temperatures (Lenderink et al., 2018). Wet regions have been extensively investigated, but there are still very 

few applications in arid or semi-arid areas, most of which adopt global spatial scales and show scaling below 

CC (O’Gorman and Muller, 2010), consistent with the evidence from previous studies (e.g., Pall et al., 2007; 

Wentz et al., 2007). 

1.3 Effects of climate change on coastal environments 

In the last decades coastal erosion has become one of the main environmental threats worldwide (Bird et 

al., 1985; IPCC, 2018; Lenôtre et al., 2004; Luijendijk et al., 2018). Approximately 28,000 km2 of the global 

coastline were eroded between 1984 and 2015 and about twice as many as those formed by accumulation 

processes (Mentaschi et al., 2018). The foreseen future scenario for coastal zones will worsen as a result of 

the gradual sea-level rise and of the possible increase of extreme events due to global warming (IPCC, 2013). 

Specifically, the Mediterranean region is severely affected by the impact of extreme climatic events (e.g., 

storm surges) coupled with human-induced pressures (e.g., poorly planned buildings on the coast, dam 

construction, land use changes inland), resulting in growing vulnerability of the coastal areas (Toimil et al., 

2020). The change in land cover dynamics is considered one of the most important variables of global 

change affecting the coastal systems, especially for the effects on river sediment supply (Billi and Fazzini, 
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2017; Blöschl et al., 2019; Petropoulos et al., 2015; Toimil et al., 2020). A decrease in solid load documented 

for several river-systems of the Mediterranean basin (e.g., Nile, Ebro, Rhône), in particular after the 1970s 

(Besset et al., 2019; Billi and Fazzini, 2017; Degeai et al., 2020; Pratellesi et al., 2018), has been considered 

one of the dominant causes of coastal erosion, together with subsidence and sea-level rise (Anthony et al., 

2014; Ericson et al., 2006; Syvitski et al., 2009; Tessler et al., 2016). 

Despite the importance of a correct estimation of solid load, for many Mediterranean rivers solid load 

measurements are inadequate, probably because they are cost- and time-consuming, and difficult to sample 

for the acquisition of reliable long-term data. For these reasons, the contribution of solid load in countering 

coast erosion is largely speculative. Fewer data are available regarding the dynamics of long- and off-shore 

dispersion of sediments carried by rivers, which is another key point for the understanding of coastal erosion 

dynamics. 

1.4 Tools 

The study of the effects of global warming allows to identify possible future scenarios of environmental 

changes and the geo-risks. The next step of these studies must be to propose tools and technologies able to 

improve the management of anthropogenic and climate pressures on the territory.  

The coastal environment evolution caused by climate processes and anthropic pressures induces to use 

monitoring systems with a higher accuracy and precision to highlight variations of the environment status. 

However, at the same time, the new data and the data from the past (derived from such as cartographies and 

aerial photographs) must be comparable to each other. For this reason, the shoreline position is the proxy of 

the coastal evolution which lends itself more to merging future data (high resolution DEMs, multispectral 

images, etc.) with those of the past. For these reasons, this PhD study want to propose a new tool for the 

sample of the shoreline position based on high-resolution data. 

The change in the rainfall regime and intensity on a Mediterranean scale induces the need for innovative 

tools for predicting flood events for correct and more efficient territory management. The geological 

complexity of hydrographic basins means that the numerical modeling of flow regimes is not always 

satisfactory for an efficient warning against flood phenomena. Simplifying the mathematical problem, 

artificial intelligence methods can be a valid alternative to physical models. The possibility of having 
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different tools for predicting flood events can significantly improve territorial management. For this reason, 

this PhD thesis proposes a tool for the application of artificial intelligence models for the prediction of flood 

events. 

1.4.1 Shoreline monitoring 

The monitoring of coastal areas is very important and meaningful to safeguard the benefits that these 

areas bring to the environment and to the human activities. Monitoring starts with the control of the 

shoreline, which is the line where the land meets the sea. Shorelines are idealized as the dynamic interface 

between water and land (Dolan, R., Hayden, P.B., May, P., May, 1980) and, in agreement with Boak and 

Turner (2005), there are two main categories of shoreline indicators: the first category includes the technique 

based on the detection or identification of visible features (e.g., instantaneous water lines, vegetation lines); 

the second category includes the methodologies based on the intersection of the coastal profile with a 

specific elevation datum like the 0m Above Mean Sea Level (AMSL). Furthermore, different methodologies 

exist for coastal monitoring, which are based on direct and remote acquisition systems. Direct shoreline 

acquisition systems are generally applied by using instruments that permit to directly sample the shoreline 

position, for example the Differential Global Positioning System (DGPS) technique of post-processing or of 

real-time methodology (Di Luccio et al., 2018; Kelly and Gontz, 2018). The main drawback of these 

methods lies in the amount of time required to cover large stretches of coastline. Remote sensing for correct 

positioning of the shoreline can be distinguished by the observation of satellite images (Dewi and Bijker, 

2020; García-Rubio et al., 2015; Kabir et al., 2020; Li and Gong, 2016; Vos et al., 2019b), Unmanned Aerial 

Vehicles (UAV) (Mahabot et al., 2017; Nunziata et al., 2019; Pitman et al., 2019; Templin et al., 2018), 

video monitoring (Bouvier et al., 2017; Mackenzie et al., 2016), historic airborne images, and historic 

cartography (Bini et al., 2008; Moussaid et al., 2015). These methodologies are characterized by a different 

resolution and accuracy not always sufficient to deeply investigate the coastal dynamics. However, they are 

the only methodologies that allow us to investigate past evolution and to obtain time series. 

Several techniques designed to discriminate between sea and land have been proposed to extract 

shorelines from images. Plant and Holman (Plant and Holman, 1997) employed a method initially developed 

for grey-scale cameras, called Shoreline Intensity Maximum (SLIM). Recently, with the adoption of color 

cameras, spectral information has also been exploited to identify the shoreline, using the water property to 
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absorb the Red signal (R) and the sand property to absorb the Green (G) and blue signals (Smith and Bryan, 

2007).  

Some studies use Digital Elevation Models (DEM), for example derived by LiDAR (e.g., Parrish et al., 

2010; Stockdon et al., 2002), which do not always have a sufficient resolution due to flight height, and this is 

their main limit. Other studies use UAV images to extract high resolution DEMs for the study of volume 

variation over time (e.g., Papakonstantinou et al., 2015; Pollard et al., 2019). With these methodologies, it is 

necessary to perform further sampling, but the result always yields volume variation. Moreover, the results 

of these topographical surveys are difficult to compare with those of past measurements performed by using 

instruments like cartography, DGPS, etc.  

1.4.2 Deep Learning models for river flow prediction 

River flow-prediction is a fundamental goal for early flood warning, water resource management, water 

demand assessment, irrigation, agriculture, and hydroelectric power generation. These aspects become more 

and more critical in the context of climate changes. The extreme weather events causing flash floods, floods, 

and debris flow phenomena have relevant socio-economic implications and represent a significant scientific 

issue producing extensive literature on the subject (e.g., Bates et al., 2008; Bryndal et al., 2017; Gaume et al., 

2016, 2009; IPCC, 2014).  

The method most currently used for modelling of the hydrologic scenario simplifies the hydrologic 

system features to predict their behaviour (Antonetti and Zappa, 2018). The physical models aim to 

understand and replicate the natural events by using mathematical and numeric methods based on several 

parameters simplifying the natural phenomena (Jaiswal et al., 2020). However, the systems in nature 

(including the hydrologic ones) are inherently heterogeneous (Marçais and de Dreuzy, 2017) and physically-

based models may show inherent limitations in reproducing natural phenomena (Islam, 2011). Furthermore, 

in a physical hydraulic model, a wrong setting or an incorrect estimation of the parameters cause an increase 

in model errors, since they are the main drawback of the physical models (Luppichini et al., 2019).  

The recent developments of artificial intelligence (AI) and graphic processor units (GPU) have enabled 

advancements in deep-learning applications, and innovative approaches based on multilayer artificial neural 

networks (ANN) (Goodfellow et al., 2016; LeCun et al., 2015). The application of deep-learning models in 
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various real-world cases, especially in the time series prediction (Fawaz et al., 2020; Yi et al., 2019; Zheng et 

al., 2019) has been successful. These procedures are the most appropriate to tackle the noisy and chaotic 

nature of the time series forecasting problems (Livieris et al., 2020). Several authors have applied different 

deep-learning techniques to predict river flows, with promising results (Boulmaiz et al., 2020; 

Chattopadhyay et al., 2020; Kratzert et al., 2018; Marçais and de Dreuzy, 2017; Sit et al., 2020; Tien Bui et 

al., 2020; Van et al., 2020). The long short-term memory (LSTM) is one of the most popular, efficient and 

deeply used learning techniques (Fawaz et al., 2020), widely applied in flood prediction studies (Boulmaiz et 

al., 2020; Hu et al., 2020; Kratzert et al., 2018; Le et al., 2019; Li et al., 2020; Liu et al., 2020; Nguyen and 

Bae, 2020). 

1.5 Structure of the thesis 

The thesis is divided into four sections: i) Climatology, rainfall trends, and influences of global warming; 

ii) Relationship between river discharge and coastal erosion; iiii) Shoreline identification method; iv) Deep 

learning models to predict flood events. The methods, results and discussions are reported for each section. 

Finally, there is a Conclusions section which summarizes, elaborates, and links the conclusions of the three 

sections.  

Parts of this PhD research were published in the following papers: 

1. Luppichini, M., Bini, M., Paterni, M., Berton, A., Merlino, S., 2020. A new beach topography-based 

method for shoreline identification. Water (Switzerland) 12, 1–11. https://doi.org/10.3390/w12113110  

2. Bini, M., Casarosa, N., Luppichini, M., 2021. Exploring the relationship between river discharge and 

coastal erosion: An integrated approach applied to the Pisa coastal plain (Italy). Remote Sensing 13. 

https://doi.org/10.3390/rs13020226  

3. Luppichini, M., Barsanti, M., Giannecchini, R., Bini, M., 2021. Statistical relationships between large-

scale circulation patterns and local-scale effects: NAO and rainfall regime in a key area of the 

Mediterranean basin. Atmospheric Research 248, 105270. 

4. Luppichini, M., Barsanti, M., Giannecchini, R., Bini, M., 2022. Deep learning models to predict flood 

events in fast-flowing watersheds. Science of The Total Environment 813, 151885. 

https://doi.org/https://doi.org/10.1016/j.scitotenv.2021.151885  

https://doi.org/10.3390/w12113110
https://doi.org/10.3390/rs13020226
https://doi.org/https:/doi.org/10.1016/j.scitotenv.2021.151885
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5. Luppichini, M., Bini, M., Barsanti, M., Giannecchini, R., Zanchetta, G., 2022. Seasonal rainfall trends 

of a key Mediterranean area in relation to large-scale atmospheric circulation: How does current global 

change affect the rainfall regime? Journal of Hydrology 612, 128233. 

https://doi.org/https://doi.org/10.1016/j.jhydrol.2022.128233  
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2 Climatology, rainfall trends, and influences of global warming 

2.1 Tuscany and its climate features 

Tuscany has a strategic location being located in the northern sector of the Mediterranean, near of the 

Genoa Gulf, by far the most active cyclogenetic centre of the Mediterranean (Trigo et al., 2002). As 

expected, the mean annual precipitation (MAP) in Tuscany is influenced by morphology (Figure 2.1a). The 

rainiest areas are located at the highest altitudes (Apuan Alps and Northern Apennines; Figure 2.1b).  In 

particular, the Apuan Alps in north-western Tuscany show some of the highest rainfall amounts in Italy 

(Giannecchini and D’Amato Avanzi, 2012; Rapetti and Vittorini, 1994), often characterized by high intensity 

(D’Amato Avanzi et al., 2004; Giannecchini, 2006). In Tuscany, MAP is in a range of 400-3000 mm/year 

with a clear gradient from the northern to the southern (Figure 2.1a). The main rainy season is autumn, with 

a progressive decrease that generally starts in December. The mean rainfall in the DJF (December-January-

Febraury) season is ca 300 mm, ca 250 mm in MAM (March-April-May), ca 130 mm in JJA (June-July-

August), and ca 350 mm in SON (September-October-November; Figure 2.1).  

 

Figure 2.1. a) mean annual precipitation (MAP) of Tuscany linked to the morphology: the rainiest areas correspond to 

the mountainous areas; b) morphology of Tuscany; c) the 1103 raingauges of the Tuscany Region Hydrologic Service 

network. 
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2.2 Material and Methods 

2.2.1 Long-term rainfall trends and climatology relation 

2.2.1.1 Daily rainfall dataset and processing 

The raingauge dataset was provided by the Tuscany Region Hydrologic Service (SIR; 

https://www.sir.toscana.it/) network and includes 1103 raingauges (Figure 2.1c). The dataset is the best one 

available in this area and is managed by the SIR which validates and checks the data. The activity period of 

each raingauge is variable. The older stations have been monitoring since the beginning of the last century, 

even if a temporal continuity of the data is not always guaranteed for some stations. SIR provides the daily 

rainfall data for each raingauge in the operation period. To obtain longer and more complete time series from 

this dataset, we grouped the stations according to a stringent procedure. This step is necessary to reconstruct 

the time series of the stations that have experienced minor changes in position or that have undergone an 

administrative variation (e.g., a slight change in name or identification code). The stations have consecutive 

intermittent activity times due to the decommissioning of one and the subsequent installation of a new one. 

In these cases, we merged the stations by assigning the same, or part of the same name, with a difference in 

altimetry less than 20% of the measurement, and a maximum distance less than 2 km. The geographic 

coordinates of the merged stations derived from a cartesian mean of the original coordinates of the origin 

stations. 

By using the data available and following the procedure described above, a total of 117 time series were 

obtained from 1950 to 2020. The rainfall data can also be useful for comparison with the results of the linear 

models which predict rainfall anomalies. The rainfall values are expressed as percentage anomalies of 

rainfall (PAR), and are calculated as follows: 

𝑃𝐴𝑅𝑠,𝑖 =  
𝑥𝑠,𝑖  − 𝑥𝑖̅

𝑥𝑖̅

∙ 100 
(1) 

where, 𝑥𝑠,𝑖 is the annual seasonal rainfall amount of the i-th year and s-th season, 𝑥𝑙̅ is the annual rainfall 

amount mean of the period 1961-1990. 

The values of 𝑃𝐴𝑅 are calculated for the four seasons: winter (DJF); spring (MAM); summer (JJA); autumn 

(SON).  Mean Average PAR (MAPAR) is a ten-year mobile average of PAR calculated for each season, and 

https://www.sir.toscana.it/
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the values are associated with the central year. We chose to use a ten-year mobile average because this time 

range is within the standard 10–30 year time scale considered to be decadal variability (Meehl et al., 2009). 

2.2.1.2 Climatic Dataset 

The NAO dataset is provided by the Climate Analysis Section of the US National Center for Atmospheric 

Research (NCAR). This dataset is based on the principal (PC)-based index components of the NAO, which 

are the time series of the leading Empirical Orthogonal Function (EOF) of SLP anomalies over the Atlantic 

sector, 20°-80°N, 90°W-40°E. This index is used to measure the yearly NAO, by tracking the seasonal 

movements of the Icelandic Low and Azores High. The dataset has a monthly frequency from January 1889 

to December 2020. PC-based indices are more optimal representations of the full spatial patterns of the NAO 

(National Center for Atmospheric Research Staff (Eds), 2021).  

The EA dataset used in this study is provided by the National Weather Service of NOAA. The frequency 

of the dataset is on a monthly basis, from 1950 to 2020. The index is standardized by 1981-2010 climatology 

(Climate Prediction Center, 2021). 

The WeMO index is provided by the Climatic Research Unit (CRU) of the University of East Anglia 

(Climatic Research Unit, 2021). The time series started in 1821 and has a monthly frequency.  

The trends of NASST, MSST, and GGSST are calculated from the Extended Reconstructed Sea Surface 

Temperature (ERSST) dataset version 5 (NOAA, 2021), and they are expressed using a 10-year mobile 

window of anomalies. The anomalies are referred to the mean of the 1961-1990 period. NASST is calculated 

in the area 0N-65N 80W-0E; MSST in the area 38N-49N 0E-28E; and GGSST in the area 42.8N-44.8N 

7.6E-10.76E.  

2.2.1.3 Statistical Correlation and Linear Models 

. We investigated the link between the different indices by using traditional statistical methods 

(Spearman, 1904), but also introducing an innovative approach in this field, which employs a linear model to 

understand the influence of each index on the rainfall prediction. The combination of these different methods 

helped us to comprehend the accuracy and the advantages of the new method proposed. 

We calculated the correlation coefficient to identify a possible relationship between atmospheric 

teleconnection and rainfall amount. Several authors use a statistical method of correlation to quantify the 

relationship between atmospheric indices and rainfalls (Brandimarte et al., 2011; Faust et al., 2016; 
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Kalimeris et al., 2017; Kotsias et al., 2020; Koyama and Stroeve, 2019; López-Moreno et al., 2011; Vicente-

Serrano and López-Moreno, 2008). In particular, some authors (Caloiero et al., 2011; Izquierdo et al., 2014; 

Luppichini et al., 2021; Nalley et al., 2019; Vergni et al., 2016) use Spearman’s correlation coefficient (SCC) 

(Spearman, 1904) to understand the relationship between atmospheric index and rainfall amount. This 

relationship is suitable for monotonically-related variables, even when their relationship is not linear. The 

range of Spearman’s coefficients is between -1 and 1; positive values indicate a tendency of one variable to 

increase or decrease together with another variable, whereas negative values indicate a trend in which the 

increase in the values of one variable is associated with the decrease in the values of the other variable, and 

vice versa. We have divided the time series into four seasons: winter from December to February (DJF), 

spring from March to May (MAM), summer from June to August (JJA) and autumn from September to 

November (SON). We calculated the SCC among the three atmospheric teleconnections and the rainfall for 

the four seasons using a 10-year moving time window from 1950 to 2020. We assigned the correlation result 

to the year halfway through each ten-years.  

We can create linear models capable of predicting the rainfall amount by using the NAO, WeMO and EA 

time series. The equation of a linear model predicting the rainfall (𝑅𝑝),  is the following: 

𝑅𝑝 = 𝛼𝑁𝐴𝑂 + 𝛽𝑊𝑒𝑀𝑂 + 𝛾𝐸𝐴 + 𝛿 (2) 

We can analyse the best estimates of the model parameters (α, β, γ) to understand the role of each input in 

the prediction of rainfall. If we want to obtain the best prediction models, we should use models that are 

more complex than a simple linear model. However, the simplicity of the linear models allows to analyse the 

influence of the inputs, since one of the tasks of this work is to show that more complex models (for instance 

with the inclusion of synergies between the input data) are not necessary to explain the rainfall observed. We 

therefore created a linear model for each raingauge time series for each season.  The different range of the 

three atmospheric teleconnections could influence the information expressed by the parameters of models 𝛼, 

𝛽 and 𝛿. For this reason, we scaled the time series of NAO, WeMO and EA in the range between 0 and 1 for 

the studied period (1950-2020), by applying the following equation: 

𝑇 =
𝑇𝑠 − 𝑇𝑠𝑚

𝑇𝑠M − 𝑇𝑠𝑚

 
(3) 



Material and Methods  

28 

where 𝑇 is the index time series in the 0-1 range, 𝑇𝑠M is the maximum value of the index, and 𝑇𝑠𝑚 is the 

minimum value of the index. We fitted a linear model for each time series, using the SciPy library in Python 

Language and, in more detail, the “curve_fit” method (Virtanen et al., 2020). We validated the fits 

calculating the Root Mean Square Error (RMSE) and the Correlation Coefficient (r) as follows: 

𝑅𝑀𝑆𝐸 = (
1

𝑁
∑(𝐹𝑖 − 𝑉𝑖)

2

𝑁

𝑖=0

)

0.5

 

(4) 

𝑟 =
(

1
𝑁

∑ (𝐹𝑖 ∗ 𝑉𝑖)
𝑁
𝑖=0 )

(
1
𝑁

∑ 𝐹𝑖
2𝑁

𝑖=0 )
0.5

⋅ (
1
𝑁

∑ 𝑉𝑖
2𝑁

𝑖=0 )
0.5 

(5) 

where 𝐹𝑖 are the forecast values, 𝑉𝑖 are the observed values and  𝑁 the number of years.  

2.2.2 Influence of the temperature on rainfall distribution 

2.2.2.1 Rainfall and temperature dataset and preprocessing 

For this part of the work, the rainfall and temperature datasets were provided by SIR and they have a 

frequency of 15 minutes. From these datasets, we extracted the rainfall time series with length longer than 10 

years and a number of missing values less than 10%. For each rainfall time series, we associated the 

temperature time series of the nearest station, in a maximum range of 25 km, and with a maximum data loss 

of 10% referring only to the data with rain values higher than 0.1 mm. This represents a compromise 

between data completeness and the extensiveness of the dataset. After this procedure, we selected 198 

rainfall time series distributed on the study area (Figure 2.2).  

The rainfall and temperature datasets were then aggregated to 0.25h, 0.5h, 1h, 3h, 6h and 24h (hereafter 

called P0.25, P0.5, P1, P3, P6 and P24) for each station and subdivided into three seasonal sub-samples: 1) 

Annual Period (data from the entire year, from January to December); 2) Wet Season (data from October to 

March); 3) Dry Season (data from April to September). For the following elaborations, we selected the only 

records with rain values higher than 0.1 mm.  
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Figure 2.2 Spatial distribution and length of the time series of the 198 selected stations. 

2.2.2.2 Quantile regression and CC-like scaling 

The relationship between rainfall and temperature was here evaluated by using a quantile regression as 

suggested by (Visser et al., 2021; Wasko and Sharma, 2014) improving the method propose by (Hardwick 

Jones et al., 2010). Quantile regression is calculated by the Python package “statsmodels” (Seabold and 

Perktold, 2010), with the scaling of peak rainfall intensity (P) with temperature (T) calculated as follows: 

log(𝑃) = 𝛽0
𝑞

+ 𝛽1
𝑞

𝑇 (6) 

where 𝑞 is the selected quantile, 𝛽0 and 𝛽1 are fitted parameters. The scaling (𝛼) of rainfall intensity with 

temperature as a percentage was calculated through an exponential transformation of the slope of the fitted 

quantile regression relationship: 

𝑃 = 𝑒𝛽0
𝑞

 (𝑒𝛽1
𝑞

)
𝑇

  
(7) 

𝑃 = 𝑒𝛽0
𝑞

 (1 + 𝛼)𝑇  (8) 

𝛼 =  𝑒𝛽1
𝑞

− 1 (9) 



Results  

30 

such that 𝛼 = 0.07 is equivalent to CC-like scaling of 7%/°C. The quantile regression was applied for the 

0.5, 0.75, 0.95 and 0.99 quantiles.  

2.2.2.3 Temperature anomalies during EPEs 

For each time series, we identified the EPEs as the rainfall events with a probability lower than 95th to 

occur. For the three investigated seasons, for each time series, and for each rainfall accumulation period, we 

calculated the mean temperature (𝑇̅) and the temperature anomaly of the i-th event (𝑇𝐴𝑖) as the difference 

between the mean temperature and the temperature occurred during the EPE (𝑇𝑖) as following:  

𝑇𝐴𝑖 = 𝑇𝑖 −  𝑇̅ (10) 

2.3 Results 

2.3.1 Rainfall Trends 

Figure 2.3 reports the values of 𝑃𝐴𝑅 calculated for each time series used in this work, and obtained from 

equation 1. The graphs indicate a small variability of PAR between each time series, excluding the 

possibility of different influences on the linear model outcomes by the input stations and a significant 

variability in the study area. The MAPAR of the study area is shown in Figures 2.4 – 2.7 for the four 

seasons. These variations of MAPAR over time are different in the four seasons. From 1950 to 1985, the DJF 

season was characterized by a slow rainfall reduction followed by a sudden decrease around the 90’s. The 

first years of the 1990’s presented a MAPAR reduction of 40%. Starting from 2000, the DJF MAPAR 

increased progressively until reaching the amount recorded before 1990 (Figure 2.4). Until the 1990s, the 

MAM MAPAR was characterized by an oscillation, from the 1990’s to the 2010’s, MAM MAPAR has the 

minimum values which are in the range between -10 and -20%. MAM MAPAR increased after 2008 (Figure 

2.5). The JJA MAPAR started to decrease in 1965 with minimum values of -30% around 2005. The last 

years were marked by a weakly increase of JJA MAPAR (Figure 2.6). SON MAPAR had a certain 

variability over an approximate 20-year period. The maximum SON MAPAR amount was recorded around 

1965 and 1995, while the minimum values were those of the period 1970-1990 (Figure 2.7).   
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Figure 2.3. For the four seasons, Percentage Anomaly of Rainfall (PAR) of the 117 rainfall time series used in this 

work. Each boxplot is referred to a rainfall time series and represents the distribution of rainfall anomaly values in 

relation to the annual rainfall amount of the 1961-1990 period, in agreement with the equation 1 in the text. The boxes 

represent the interval between the 25th and 75th percentiles (Q1 and Q3). IQR is the interquartile range Q3-Q1. The 

upper whisker extends to the last datum lower than Q3 + 1.5×IQR. Similarly, the lower whisker reaches the first datum 

higher than Q1 – 1.5×IQR.  The orange lines represent the medians (DJF: December-January-February; MAM: March-

April-May; JJA: June-July-August; SON: September-October-November (after Luppichini et al., 2022b, modified). 

2.3.2 Atmospheric Teleconnection Trends 

In DJF, NAO shows by an intensification of the positive phase, the EA time series was shows an 

intensification of the positive phase starting from 1985 (Figure 2.4), and WeMO is characterized by a 

positive phase with a decrease in the 1990-2010 period.  

In MAM, NAO and EA time series present a progressive increase with an intensification of the positive 

phase; WeMO experiences a progressive decrease from a positive phase to a negative persistence phase since 

2005 (Figure 2.5). 
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In JJA, NAO is characterized by a positive phase until 2005, whereas the index shows a negative phase, 

except for some years. In this season, EA startes to increase progressively in 1995, while WeMO has a 

progressive decrease with a persistence positive phase since 2005 (Figure 2.6).  

In SON, NAO is variable with periods characterized by negative alternated with positive phases. In this 

season, EA has a higher index fluctuation, with a negative phase until 1980, followed by a more positive ten-

year phase and then by a negative phase until 2000. From 2000 to 2020, EA increases reaching its maximum 

values. WeMO shows two distinct positive phases around 1975 and 1995, but the overall trend decreases 

with a negative phase since 2005 (Figure 2.7).  

2.3.3 Sea surface temperature trends 

The variations of NASST, MSST and GGSST started to display a clear increasing trend in the 1980’s in 

all seasons. Such increase only started around the 2010’s for DJF and GGSST, while it started to increase in 

the 1980s in the other seasons. The increase in SST was greater in summer than in other seasons (Figures 2.4 

– 2.7).  
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Figure 2.4. DJF season, trends of Mobile Average Percentage Anomaly Rainfall (MAPAR), NAO, WeMO, EA, North 

Atlantic Sea Surface Temperature (NASST), Mediterranean Sea Surface Temperature (MSST), and Genoa Gulf Sea 

Surface Temperature (GGSST). The colour of the points varies between blue (wet periods) and red (dry periods). The 

grey band on MAPAR represents the 25th and 75th percentile, the dots represent the mean value. The pink band is 

referred to the main dry period of the time series (after by Luppichini et al., 2022b, modified). 
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Figure 2.5. MAM season, trends of Mobile Average Percentage Anomaly Rainfall (MAPAR), NAO, WeMO, EA, 

North Atlantic Sea Surface Temperature (NASST), Mediterranean Sea Surface Temperature (MSST), and Genoa Gulf 

Sea Surface Temperature (GGSST) for the MAM season. The colour of the points varies between blue (wet periods) 

and red (dry periods). The grey band on MAPAR represents the 25th and 75th percentile, the dots represent the mean 

value. The pink band is referred to the main dry period of the time series (after by Luppichini et al., 2022b, 

modified).Fare clic o toccare qui per immettere il testo. 
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Figure 2.6. JJA, trends of Mobile Average Percentage Anomaly Rainfall (MAPAR), NAO, WeMO, EA, North Atlantic 

Sea Surface Temperature (NASST), Mediterranean Sea Surface Temperature (MSST), and Genoa Gulf Sea Surface 

Temperature (GGSST). The colour of the points varies between blue (wet periods) and red (dry periods). The grey band 

on MAPAR represents the 25th and 75th percentile, the dots represent the mean value. The pink band is referred to the 

main dry period of the time series (after by Luppichini et al., 2022b, modified).Fare clic o toccare qui per immettere il 

testo. 
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Figure 2.7 SON season, trends of Mobile Average Percentage Anomaly Rainfall (MAPAR), NAO, WeMO, EA, North 

Atlantic Sea Surface Temperature (NASST), Mediterranean Sea Surface Temperature (MSST), and Genoa Gulf Sea 

Surface Temperature (GGSST). The colour of the points varies between blue (wet periods) and red (dry periods). The 

grey band on MAPAR represents the 25th and 75th percentile, the dots represent the mean value. The pink band is 

referred to the main dry period of the time series (after by Luppichini et al., 2022b, modified).Fare clic o toccare qui per 

immettere il testo. 

2.3.4 Statistical Correlation 

Figure 2.8 and 2.9 report the results obtained and the spatial distribution of the p-values obtained, 

respectively. In the DJF season, rainfall is correlated with WeMO and anticorrelated with NAO and EA. 

Rainfall increases during a negative phase of NAO or EA and a positive phase of WeMO. During this period, 
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each atmospheric teleconnection has a similar effect on the rainfall amount. In the MAM season, the 

strongest correlation is with WeMO, and even in this case a positive phase of the index corresponds to a 

rainfall increase in the study area. NAO and EA are weakly anticorrelated with the rainfall amount. The 

strongest correlation is with EA in the JJA season, and a negative phase of this index indicates an increase in 

rainfall in the area, while a positive phase of EA corresponds to reduced precipitation in summer. NAO and 

WeMO are weakly correlated with rainfall, but do not show a clear behaviour. Even in the SON season, the 

strongest correlation is with EA. The correlation in this season is positive, which indicates that a positive EA 

phase determines increased precipitation in the area. The spatial correlation distribution is homogenous with 

no clear spatial pattern, especially when the correlations are strong, providing a precise indication of the 

relationship (Figure 2.8). 

 

Figure 2.8. Spearman’s correlation coefficients (SCC) between season rainfall and climatic patterns. For each season, 

we report the correlation with NAO, EA and WeMO and the relative boxplots. The boxes represent the interval between 

the 25th and 75th percentiles (Q1 and Q3). IQR is the interquartile range Q3-Q1. The upper whisker extend to the last 

datum lower than Q3 + 1.5×IQR. Similarly, the lower whisker reach the first datum higher than Q1 – 1.5×IQR.  The 

orange lines represent the medians (after Luppichini et al., 2022b, modified). 
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Figure 2.9. P-values of Spearman’s correlation coefficients (SCC; after Luppichini et al., 2022b, modified). 

2.3.5 Linear Models 

Figure 2.10a-d show four examples of the MAPAR prediction  by means of linear models referred to the 

DJF, MAM, JJA and SON periods.  Indeed, they have RMSE values similar to the error medians calculated 

on the entire dataset (Figure 2.10e). For the case shown in Figure 9a, 𝛼, 𝛽 and 𝛾 are respectively -96.56, 

42.53, and 4.85; for the case reported in Figure 9b they are -21.39, -15.54 and -15.76; for the case reported in 

Figure 9c they are -30.71, -56.10 and -1.34; for the case reported in Figure 9c they are -48.05, 7.54 and 6.71. 

Figure 2.10e and 9d also report the RMSE and r of the entire dataset. SON, followed by MAM, which is the 

season with the highest average errors. 

Figure 2.11 shows the mean values of coefficients 𝛼, 𝛽 and 𝛾 for the linear models in each season (blue 

circles). We can observe a change in the values of the three coefficients from one season to another; the red 

circles show the relative weights of each coefficient. In DJF season, the coefficient with the greatest weight 
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is 𝛼 with a mean value of about 55%, followed by 𝛽 and 𝛾. The coefficients indicate that NAO has more 

influence on the rainfall trend than WeMO and EA in DJF. In this season, the coefficient values indicate that 

an increase in rainfall is linked to a negative phase of NAO (𝛼 is negative) and a positive phase of WeMO (𝛽 

is positive). In MAM season, 𝛽 (WeMO) has the highest weight in the results of the models, followed by 𝛼 

(NAO) and 𝛾 (EA). Therefore, the coefficients denote that the amount of rainfall is correlated with a positive 

phase of WeMO and with a negative phase of NAO. Also in this season, EA has less influence on the model 

than the other two indices. In JJA season EA is the index with the greatest coefficient (𝛾). In particular, the 

coefficients suggest that the summer rainfall is linked to a negative phase of EA. Less important, the 

coefficients indicate that the summer rainfall is linked to a negative phase of WeMO. In SON season, NAO 

has the greatest weight and is followed by WeMO and EA, which have less influence on the rainfall trend. In 

this case, the coefficients are all negative, so that rainfall is correlated to a negative phase of these indices.  

 

Figure 2.10. a-d) Four examples of observed MAPAR (blue line) and predicted MAPAR (red line) respectively for the 

seasons DJF, MAM, JJA and SON. e) the boxplots represent the Root Mean Square Error (RMSE) of the linear models 

for the four seasons. f) the boxplots represent the Correlation Coefficient (r) of the linear models for the four seasons. 

The boxes represent the interval between the 25th and 75th percentiles (Q1 and Q3). IQR is the interquartile range Q3-

Q1. The upper whisker extends to the last datum lower than Q3 + 1.5×IQR. Similarly, the lower whisker reaches the 

first datum higher than Q1 – 1.5×IQR. The red lines represent the medians, while the green circle represent the means 

(after Luppichini et al., 2022b, modified). 
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Figure 2.11. Setting of the linear model coefficients used to analyze the relationship between climate patterns and 

rainfall. The balck circle is the mean absolute value of the coefficient, whereas the grey circle represents the mean 

relative weight of the coefficient on the prediction. The results are reported for each season. The black and grey lines 

represent the interval between the 25th and 75th percentiles of the coefficient distributions (DJF: December-January-

February; MAM: March-April-May; JJA: June-July-August; SON: September-October-November (aftet Luppichini et 

al., 2022b, modified). 

2.3.6  Quantile regression and CC-Like scaling 

The quantile regression shows a different relationship between rainfall and temperature depending by the 

season, quantile and rainfall accumulation period (Figure 2.12). Increasing the quantile threshold, there is a 

surge of the values of scaling 𝛼, while an increase of the sample rainfall accumulation period causes a 

reduction of the values of scaling 𝛼. In more detail, the wet season is characterized by positive scaling 𝛼 

values with some exceptions for the rainfall accumulation periods of 6 and 24 hours. The dry season is 

characterized by negative scaling 𝛼 values for the lowest quantiles and for the rainfall accumulation periods 

of 6h and 24h. Moreover, it is characterized by positive scaling 𝛼 values for the highest quantiles and rainfall 

accumulation periods (Figure 2.12). In summary, the lowest scaling 𝛼 values are recorded in dry season for 

the 0.5 quantile and for the P24, while the highest scaling 𝛼 values are verified in wet season for the 0.99 

quantile and for the P0.25 (Figure 2.12). 
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Analyzing the spatial distribution of the scaling α values, we cannot identify geographical forcing that can 

influence the spatiality of the results. For this reason, the study area seems to have a homogenous behavior, 

as reported in the example images of Figure 2.13 and Figure 2.14. 

 

Figure 2.12 The Clausius‐Clapeyron (CC) relation (scaling 𝛼) calculated with the quantile regression for the seasosn: a) 

annual; b) wet; c) dry. The error bars are the standard deviation. P0.25, P0.5, P1, P3, P6 and P24 reffere to rain accumulation 

periods from 15 minutes to 24 hours. 
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Figure 2.13 Spatial distribution of the Clausius‐Clapeyron (CC) relation (scaling 𝛼) calculated by the quantile 

regression for the annual season and 0.5 quantile.   
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Figure 2.14 Spatial distribution of the Clausius‐Clapeyron (CC) relation (scaling 𝛼) calculated with the quantile 

regression for the annual season and 0.95 quantile.   

2.3.7 Temperature anomalies during EPEs 

The analysis of the temperature anomalies occurred during the EPEs shows that there is a relationship 

between the temperatures and the rainfalls (Figure 2.15). The fastest EPEs (such as P0.25) are characterized by 

the highest temperature anomalies with mean values also higher than 3 °C. The most lasting EPEs are instead 

characterized by the lowest temperature anomalies with also negative values such as in the case of P24 of the 

dry season. Wet season and dry seasons have different behaviors: the EPEs of the wet season occurred 

meanly during positive temperature anomalies for each rainfall accumulation period; the EPEs of the dry 

season are characterized by a progressive decrease of the temperature anomalies starting from P0.25 to P24 

where these events occurred during temperature anomalies around to 0°C (Figure 2.15).  
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Spatially the lower values of mean temperature anomalies are recorded in the northern and southern of the 

study area near the Apuan Alps and the Apennines and the Monte Amiata (Figure 2.16, Figure 2.17 and 

Figure 2.18).   

 

Figure 2.15 Mean temperature anomalies occurred during Extreme Precipitation Events (EPEs): a) annual; b) wet 

season; c) dry season. The error bars represent the standard deviation. 
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Figure 2.16 Spatial distribution of the mean temperature anomalies occurred during Extreme Precipitation Events 

(EPEs) for the annual period 
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Figure 2.17 Spatial distribution of the mean temperature anomalies occurred during Extreme Precipitation Events 

(EPEs) for the wet season 
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Figure 2.18 Spatial distribution of the mean temperature anomalies occurred during Extreme Precipitation Events (EPE) 

for the dry season 

2.4 Discussion 

2.4.1 Mathematical and statistical relationship between atmospheric teleconnections and rainfall 

The statistical correlation calculated by Spearman’s method represents a first indication of the influence 

of climate patterns on the local rainfall trend. In agreement with several studies (Caloiero et al., 2011; Deser 

et al., 2017; Ferrari et al., 2013; George et al., 2004; López-Moreno et al., 2011; Luppichini et al., 2021; Riaz 

et al., 2017; Vergni and Chiaudani, 2015; Vicente-Serrano and López-Moreno, 2008; West et al., 2019), 

NAO influence is predominant in winter, with an anticorrelation between index and rainfall amount. In 

agreement with the obtained SCC, an increase in the Azores High, and consequently a decrease in the 
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Iceland Low, determine reduced winter rainfall in the study area. The correlation between NAO and rainfall 

decreases during the following seasons with a minimum correlation in summer. In winter and spring, the 

correlation with WeMO is strong and positive. This implies the formation of the Genoa Gulf Low and its 

reinforcement increases the rainfall amount in the study area. This can be ascribed to the direction of the 

moist air masses coming from the Atlantic Ocean and directed to the north-western coast of Spain and to the 

Mediterranean (Degeai et al., 2020; Martín et al., 2012; Martin-Vide and Lopez-Bustins, 2006). In this 

dynamic state the moist air masses can reach Tuscany, enhancing local cyclogenesis and rainfall.  

The SCC values indicate that the influence of the Genoa Gulf Low decreases in summer and autumn the 

correlation between rainfall and EA is strong in winter and summer; in summer, the correlation with rainfall 

is mainly with EA. In winter, the link between EA and rainfall is the same for NAO. In summer, the greater 

representativeness of EA than NAO on the Azores High allows a better understanding of the connection 

between rainfall and global climate in this season. In detail, the formation of the Azores High and of the 

African High results in an increase in the EA index, and this means that there is reduced precipitation in the 

study area. In autumn, the statistical correlations do not allow to create a link between large-scale circulation 

and rainfall. Indeed, we can observe a weak anticorrelation with NAO, a weak correlation with EA, and no 

correlation with WeMO. This method seems unsuitable to represent the autumn season with its atmospheric 

dynamics.  

The results of the linear models are consistent with the statistical correlation results for the DJF, MAM 

and JJA seasons, while we observe some differences in SON. The strong correspondence between the two 

methods in DJF, MAM and JJA makes it possible to validate our linear model. In autumn, the analysis of the 

linear models identifies an important role of NAO, and therefore a link between northern Atlantic 

atmospheric circulation and rainfall in the study area. In autumn, the coefficients of NAO (𝛼) are negative 

and this means that an increase in the index is linked to a decrease in rainfall in the study area. This 

mathematical result is more plausible than that obtained from the analysis of correlations based on the 

notions of atmospheric physics introduced previously.  

Finally, the linear model-based method allow us to refine our investigations and to improve our 

knowledge of the dynamics in the Mediterranean over the seasons.  
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The use of our linear models offers the advantage of clarifying the role and influence of large-scale 

atmospheric circulation on rainfall over the study region in different seasons, and this may appear 

controversial when using only the statistical correlation. These linear methods can also be useful for rainfall 

prediction, although the aim of this paper is not the production of the best model for predictions. A more 

complex model may be better suited to reduce the overall model; however, it would have been difficult to 

understand the influence of each input parameter, which is the main scope of this paper. 

2.4.2 Long-term rainfall trends and relation with climate patterns  

This study identify a confused trend for the DJF, MAM and SON rainfall, while the JJA rainfall clearly 

tends to decrease, in aggrement with those of other studies based on different rainfall datasets (Caloiero et 

al., 2018; Deitch et al., 2017; Philandras et al., 2011). More specifically, Deitch et al. (2017) studied the 

seasonal trend of rainfall in the Mediterranean area, demonstrating a negative trend for summer rainfall and 

no trend for winter/autumnal rainfall in Tuscany.   

The DJF seasons are characterized by significantly decreased precipitation between 1984 and 2005 

(Figure 2.4). This period is marked by a positive phase of NAO and EA and a negative phase of WeMO. 

Starting around 1984, the increase in NAO and EA is due to an increase in NASST (Figure 2.4). An increase 

in NASST is correlated to an expansion of the Azores High and a consecutive reduction of the Iceland Low, 

resulting in the formation of the NAO and EA positive phases (Börgel et al., 2020; Frankignoul et al., 2003; 

Robertson et al., 2000; Visbeck et al., 2001). The following increase in rainfall from 2005 to 2020 seems to 

have been caused by an increase in the WeMO, and therefore by an increase of the Genoa Gulf Low 

persistence. This could indicate a change of the main climatic driver in relation to the previous period 

(Figure 2.4).   

The MAM season presents a decrease in the amount of rainfall in the period between 1985 and 2008 

(Figure 2.5). The WeMO constantly decreases with progressive intensification of the negative phase. This 

indicates a gradual reduced intensity of the Genoa Gulf Low. The GGSST has progressively increased since 

1985. Furthermore, NAO and EA are in a persistent positive phase. Since 2008, there has been a weak 

increase in the precipitation trend. The JJA rainfall trends have the highest correlation with EA, while NAO 

and WeMO have a lower influence (Figure 2.8 and 10). The increase in NASST, MSST and GGSST induces 
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the NAO and EA indices to a positive phase, and WeMO to a negative phase. This process induces a 

progressive reduction of rainfall trends in this season. SON is characterized by rainfall trend variability with 

two wet periods and two dry periods (Figure 2.7). Each dry period is marked by an increase in NAO, 

whereas the wet period results from an increase in WeMO linked to a weak decrease in GGSST (Figure 2.7).  

The increase in sea surface temperature is greater in the warm periods of the year and is caused by current 

global warming. From these observations, we can evince that the warm periods of the year are marked by a 

greater decrease in precipitation resulting in less water availability in the environmental system.  

2.4.3 Influence of the temperature on rainfall regime 

The results of the relation between rainfall and temperature in Tuscany confirmed some evidences from 

previous works in the scientific literature (Hardwick Jones et al., 2010; Lenderink et al., 2017; Lenderink and 

van Meijgaard, 2008; Panthou et al., 2014; Pumo et al., 2019). The scaling methodology and the analysis of 

the temperature anomalies during EPEs show a relationship between the rainfall and temperature, which is 

influenced by the quantile investigated and the rainfall accumulation period. The scaling rate increases with 

decreasing accumulation period and, independent of the accumulation period, it increases with increasing 

percentile. The same behaviour is observable from the analysis of the temperature anomalies occurred during 

EPEs. These results are in agreement with other studies (e.g., Hardwick Jones et al., 2010; Pumo et al., 

2019).  

The quantiles higher than 0.9 of each season are characterized by scaling rate values higher than 7% (super-

CC) for each rain accumulation period (with the highest values recorded for the lowest accumulation period). 

In many cases values also higher than 10% are recorded. This characterizes especially the wet season, while 

in dry season the highest rain accumulation periods have lower values than the respective of the wet season. 

This is in agreement with several works carry out in the middle latitudes, for example in United Kingdom 

(Blenkinsop et al., 2015), Netherlands (Lenderink et al., 2017; Lenderink and van Meijgaard, 2008), 

Germany (Berg et al., 2013), Austria (Formayer and Fritz, 2017), western Europe (Lenderink and van 

Meijgaard, 2010), Romania (Busuioc et al., 2016) and Sicily (Pumo et al., 2019, 2018). 

The dry season is also characterized by negative values of scaling rate for the highest rainfall accumulation 

periods and for almost all quantiles. This is in agreement with the previous results of this work (see 
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paragraph  2.4.2), where it is observed a decrease of the rainfall amount in the dry season in Tuscany. As 

discussed above, this decreasing rainfall amount could be linked to an increase of the African High during 

the summer which is caused by the increasing temperature. Indeed, during high-pressure systems, the 

temperature increase cannot correspond to a humidity increase (Berg et al., 2013, 2009; Hardwick Jones et 

al., 2010; Pumo et al., 2019).  
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3 Relationship between river discharge and coastal erosion 

Coastal areas are certainly the most exposed to the effects of climate change (Bini and Rossi, 2021). In 

this work, we study in detail an area of the Tuscan coast, particularly suited to this type of study due to the 

long state of erosion (Bertoni et al., 2021; Bini et al., 2008) both for the presence of a good amount of data 

available and for the presence of different degrees of anthropization (Bertoni et al., 2021). 

3.1 Pisan coastal plain 

The Pisan coastal plain has been progressively shaped by the Arno river since the Late Holocene (Bini et 

al., 2015; Federici and Mazzanti, 1993; Pranzini, 2001; Sarti et al., 2010) (Figure 3.1a,c–e). In this area, SW 

winds have the highest frequency in each velocity range, while NW winds are frequent but subordinate to the 

former (Cipriani et al., 2001). Major storm events come from W/SW and SW, even if high energy events can 

also be related to NW winds (Cipriani et al., 2001). Detailed analyses (Casarosa, 2016) show that more than 

90% of storms (on average 48 events per year) originate in the 220–260° N sector, while less than three 

events per year generally occur in the 210–180° N sector. Finally, only less than one event per year comes 

from other sectors (Figure 3.1b) (Casarosa, 2016).  

In the coastal sector located in the hydrographic left of the Arno River the littoral drift is mainly oriented 

towards the south, with the exception of the area between Calambrone and the Scolmatore Canal, where the 

littoral drift is N-S oriented. Conversely, in the coastal sector located in the hydrographic right, the littoral 

drift is N-S oriented (Anfuso et al., 2011; Pranzini, 2001) (Figure 3.1c,d). The coast experiences a microtidal 

regime, where the spring tide is only ca. 30 cm (Bertoni et al., 2019). 

The coastal plain studied has been affected by a prolonged period of coastal erosion (Besset et al., 2019, 

2017; Bini et al., 2008; Borgh, 1970; Grottoli et al., 2019; Palla, 1983; Pozzebon et al., 2018; Toniolo, 1910). 

This process is thought to be mainly linked to anthropogenic activities (riverbed dredging, mountain 

reforestation, diffused riverbed reinforcement, river barriers), which have caused a drastic decrease in the 

sedimentary load of the Arno River (Anfuso et al., 2011; Cipriani et al., 2001). During the Little Ice Age, 

some studies highlighted a high rate of Arno River solid transport processes which were probably interrupted 

by progressive reforestation of the watershed starting from the beginning of the XX century (Diodato, 2007; 

Diodato et al., 2021; Regione Toscana, 2009). Some key areas for the local touristic economy have been 
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particularly affected by erosion (area A in Figure 3.1 and area B in Figure 3.1d). In these two areas, 

separated from the mouth of the Arno River with its engineering structures built in 1926, the local authorities 

applied different approaches in the management of the territory. Specifically, the Area A located in the 

Migliarino San Rossore Massaciuccoli Natural Park and characterized by a highly natural environment and 

few anthropogenic structures, was allowed to evolve without the construction of coastal protection structures 

until 2001. The only exception was five detached breakwaters, built between 1962 and 1968 to defend the 

Gombo beach. Here, in 1984, after limited results, four out of five breakwaters were elevated and extended, 

resulting in the formation of tombolos (Pranzini et al., 2018). More recently (2001 and 2003), 10 emerged 

groins with submerged extensions were built between the Gombo beach and the Arno River mouth (Bertoni 

and Mencaroni, 2015; Casarosa, 2016; Pranzini et al., 2018). In 2009 an artificial tombolo was constructed to 

connect the fourth breakwater and two submerged groins. These last structures were quickly destroyed by 

coastal erosion (Pranzini et al., 2018). 
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Figure 3.1 Location map of the study area (a,c,d,e); (b) directional analysis of wave data 

(https://www.cfr.toscana.it/index.php?IDS=42&IDSS=282) recorded at the Gorgona Buoy (43.57N; 9.95E) grouped by 

average direction of origin and by height wave classes, data between 1 October 2008 and 1 May 2012 (after Casarosa, 

2016, modified); (c) Arno River course (blue line), hydrometers (blue squares), location of samples used for grain-size 

analyses (black and white dots); (d) and (e) northern and southern sectors respectively of the study area, red arrows 

indicate the littoral drift direction (Anfuso et al., 2011; Bini et al., 2008)), the red line indicates the coastal defense 

structures (after Bini et al., 2021, modified). 

3.2 Material and Methods 

The changes in the shoreline position of the Pisa coastal plain were studied considering period of 142 

years (from 1878 to 2020) by using a heterogeneous database consisting of topographic maps, airborne 

images and DGPS (Differential Global Position System) measurements (Table 3.1). The data were managed 

using the open source QGIS 3.x software. A linear vector with the position of the shoreline (derived by 

manual operator delimitation and digitalization) was created for each analyzed year until 2008. The data of 

the last 12 years were derived from dedicated DGPS surveys performed following the methods proposed by 

https://www.cfr.toscana.it/index.php?IDS=42&IDSS=282
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(Pranzini and Simonetti, 2008). The differences in the area between the shorelines acquired in different years 

were calculated in terms of annual gains and losses. 

All the data available were processed using GIS tools in order to identify the coastal areas characterized 

by the advancing shoreline (gain of territory) and those characterized by the retreating shoreline (loss of 

territory) for the entire period considered. Specifically, a comparison of the shoreline in the successive years 

made it possible to identify coastal sectors that had never experienced erosion and others that had never 

experienced advancement in the last 142 years. The areas were classified in four categories: i) area 

constantly in advancement; ii) area constantly in erosion; iii) areas mainly in erosion; iv) areas mainly in 

advancement. 

One of the longest and most complete sets of daily discharge data of the Arno River was also analyzed. 

The daily discharge data were recorded at the S. Giovanni alla Vena gauge (data from 1924 to 2020; 

https://www.sir.toscana.it/consistenza-rete), 35 km inland from the river mouth (Figure 3.1b). The discharge 

value measured at this gauge is significant because it could be considered close to the discharge value at the 

river mouth, considering that there are no important tributaries downstream from the gauge. 

The trend of the daily discharge data since 1924 has been analyzed to identify the main variations of that 

period. The return times for flood events were calculated as opposites of probability: 

𝑝 =
1

𝑇
, (11) 

where 𝑝 is the probability and 𝑇 the return time. This equation can be applied for frequent events, but it 

can be difficult to determine the return time of an extreme event if the occurrence of these events is too small 

in the series history (van den Brink et al., 2005). For this statistical reason, we investigated the role of flow 

events with a maximum return time less than ten years. 

In order to identify possible correlations, the set of discharge data were analyzed and compared with the 

erosion trends, as documented by the study of the shoreline positions. Since a rigorous statistical treatment of 

the data was not possible because of the low number of shoreline measurements (despite the long period 

considered), a qualitative comparison was made between the trend of erosion and the trend of discharge. 

The trend of the selected flow range was compared with erosion over time by using a moving average 

calculated over ten years. The use of the moving average to understand the trend of river discharge is a 

https://www.sir.toscana.it/consistenza-rete
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validated method, as demonstrated by several authors (e.g., Merabtene et al., 2016; Pulido-Velazquez et al., 

2015; Zhang et al., 2020). To support the analyses, we investigated Sentinel-2 images acquired during two 

recent flood events occurred on 3 February 2019 and on 3 December 2019, in the most frequent wind and sea 

condition (winds and waves from NW and SW, respectively; Figure 3.1b) in order to identify the presence of 

sediments and their longshore and offshore dispersion. The selected images were analyzed by means of the 

tone mapping technique using Photomatix software, a software that allows the user to choose among 

different HDR profiles. After numerous tests, the use of the profile called “Painterly” was chosen. This 

profile gives the image a very photographic look and a well-exposed dynamic range. The image acquires an 

aspect that is very similar to the one perceived by the human eye and is often referred to “as the eye sees” in 

the photography field. After the application of this profile, the parameters of gamma, luminance and contrast 

varied, so as to make more readable all the information contained in the images. This method makes it 

possible to qualitatively identify the area subject to solid transport (according to the different shades and 

gradations of color). Moreover, the method allows the identification of flow lines of solid transport direction 

that show the dispersion of sediments out of the mouth towards the coast. 

In addition to the study of these two recent events, in order to extend the analyses of the plumes generated 

by the Arno River, we considered 151 frames from Landsat (5, 7 and 8) and Sentinel-2 satellites. All the 

images were filtered at a threshold of less than 20% cloudiness during the download procedures and were 

then checked manually. Specifically, 50 Sentinel-2 frames were chosen from 2015 to 2020 and 101 Landsat 

frames from 1984 to 2020. In particular, in this second case 68 frames were from Landsat 5, 14 from Landsat 

7, and 19 from Landsat 8. The red band was analyzed for both satellites, corresponding to bands number 4 

for Sentinel-2 and Landsat 8 and to number 3 for Landsat 5 and 7. A good correlation was found between the 

red band (630–690 nm) reflectance values and low-to-moderate turbidity (Dogliotti et al., 2015). The images 

were resampled on the same matrix. Two grids were extracted: the first one provides the maximum value 

recorded in the analyzed images for each pixel, while the second one provides the mean value calculated 

using the analyzed images for each pixel. 

In an attempt to understand whether the types of sediment transported by the river were suitable to 

counter coastal erosion, we performed grain size analyses on sediments sampled on the riverbed near the city 

of Pisa (where the sediments left by the river were easy to sample) and on the beach (area C, Figure 3.1) 
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immediately after a flooding event occurred on 3 December 2019, which was one of most representatives in 

this area, in terms of both wave direction and river flow. The samples were dried in an oven at 40 °C for 48 

h. Each sample was then weighed and analyzed by means of standard sieving with mesh size 1 mm, 0.5 mm, 

0.315 mm, 0.250 mm, 0.125 mm and 0.063 mm. After weighing the fraction left in each sieve a grain size 

curve was constructed using GRADISTAT (Blott and Pye, 2001). Finally, to check the effective ability of 

solid load to counter coastal erosion, we undertook a dedicated DGPS survey in a small stretch of coast in 

the southern sector (part of area C) about one month after the flood event of 3 February 2019. 

Table 3.1. Census of shoreline data used in this study. 

Year Ownership Organization Data type Properties  Source 

1878 I.G.M Cartography Scale 1:25000 Bini et al., 2021 

1907 I.G.M Cartography Scale 1:25000 Bini et al., 2021 

1928 I.G.M Cartography Scale 1:25000 Bini et al., 2021 

1944 R.A.F. Aerial photographs Black and white film Bini et al., 2008 

1954 Tuscany Region Aerial photographs Black and white film Bini et al., 2008 

1965 I.G.M Aerial photographs Black and white film Bini et al., 2008 

1975 Tuscany Region Aerial photographs Black and white film Bini et al., 2008 

1978 Tuscany Region Aerial photographs Color film Bini et al., 2008 

1982 Tuscany Region Aerial photographs Color film Bini et al., 2008 

1982 I.G.M Aerial photographs Black and white film Bini et al., 2008 

1986 I.G.M Aerial photographs Black and white film Bini et al., 2008 

1990 I.G.M Aerial photographs Infrared Bini et al., 2008 

1996 Tuscany Region Aerial photographs Black and white film Bini et al., 2008 

2003 Orthophoto Aerial photographs Black and white film Bini et al., 2008 

2004 Pisa Province Aerial photographs Color film Bini et al., 2008 

2008  DGPS measurements  Casarosa, 2016 

2009  DGPS measurements  Casarosa, 2016 

2010  DGPS measurements  Casarosa, 2016 

2011  DGPS measurements  Casarosa, 2016 

2012  DGPS measurements  Casarosa, 2016 

2013  DGPS measurements  Casarosa, 2016 

2014  DGPS measurements  Casarosa, 2016 

2015  DGPS measurements  Bini et al., 2021 

2020  DGPS measurements  Bini et al., 2021 

 

3.3 Results 

3.3.1 Shoreline GIS Analysis 

The analysis of shoreline positions (Figure 3.2) shows that more than 2.5 km2 of the studied area 

experienced constant erosion, while only 0.5 km2 show constant advances (Figure 3.3). The areas most 

affected by erosion are located in the hydrographic right of the Arno River (Area A, Figure 3.2c and the area 

northward of the Morto Nuovo River, Figure 3.2a). In the hydrographic left (where erosion was countered by 
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several engineering interventions such as groins and breakwaters (Bertoni and Mencaroni, 2015; Bini et al., 

2008; Cappucci et al., 2020; Pranzini et al., 2018)) the total area eroded is less in extent compared with Area 

A, but the erosion is persistent in the area marked B in Figure 3.2c. Coastal progradation has been 

documented mainly in the C area of the southern sector (Figure 3.2d), while minor local advances have also 

been identified in the northern sector immediately south of the mouth of the Morto Nuovo River (Figure 

3.2b). From a chronological point of view, the highest values of erosion are documented around the years 

1954, 1978 and 2012 (Figure 3.4), while the lowest values of erosion are reported for the periods 1881–1944, 

1965–1975, and 2013–2020. It is worth noting that the erosion rates for the period before 1944 are similar to 

those recorded in the last 10 years (Figure 3.4). 

 

Figure 3.2 Location of the analysed coastal sectors (a, b, c, d). Shorelines extracted from the various sources reported in 

Table 1 (after Bini et al., 2021, modified). 
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Figure 3.3 Spatial variation of the investigated coastal area. Analysis of the shorelines in the last 142 years allows 

identification of the sectors in constant advancement (progradation), in constant erosion, mainly advancement and 

mainly erosion (after Bini et al., 2021, modified). 

 

Figure 3.4 Trend of erosion from 1881 to 2020 of the investigated area (black line). Top: engineering structures built in 

the area over time. Daily discharge time series of the S. Giovanni alla Vena gauge data from 

https://www.sir.toscana.it/consistenza-rete (blue bars). The white bars indicate missing data. The red line shows the 

amount of normalized discharge using a moving window of 10 years (after by Bini et al., 2021, modified). 

https://www.sir.toscana.it/consistenza-rete
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3.3.2 Discharge Data Analysis 

Discharge analysis (Figure 3.5) shows the highest values until 1944, followed by a reduction in the period 

at the end of the 1950s and around the year 1980. These two periods are separated by a peak in the values of 

discharge. An increase in discharge values, which are still well below the values recorded before 1944, is 

documented from the end of the 1980s to the year 2005. Even if with some fluctuations, a further increase in 

the trend is documented after this year. We are aware that the lack of data in the 1950s and 1970s may affect 

the results, even if a clear decreasing trend, probably not so marked, can be identified from the available 

data. Return time analysis of the historical series of S. Giovanni alla Vena (Figure 3.5) with a 100 m3/s 

discretization shows an exponential trend with a one-year return time corresponding to a flow rate of 

700/800 m3/s. 

 

Figure 3.5 Return times for discharge intervals of the S. Giovanni alla Vena time series. Discretization of the discharge 

range in 100 m3/s. The return times show an exponential trend (after Bini et al., 2021, modified). 

3.3.3 Remote Sensing Analysis 

The Sentinel-2 image recorded at 10:24 a.m. on 3 December 2019 shows the Arno River sediments 

dispersion along the coast during a flood event characterized by a peak discharge of 902.81 m3/s at the S. 

Giovanni alla Vena section (return time of 1.5 years, Figure 3.5). This event occurred with a much more 

frequent wave direction varying from 240°N to 180°N (Tuscany Region, wave buoy of Gorgona: 

https://www.cfr.toscana.it/index.php?IDS=42&IDSS=282). The image processed by tone mapping (Figure 
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3.6) shows a wide plume formed by sediments transported by the river during this event and dispersed at the 

river mouth. Plume n. 1 in Figure 3.7 covers a total area of about 100 km2. A minor plume (identified as 1A 

in Figure 3.6) covering a total area of about 10 km2 is also well visible in the image. The dispersion of 

sediments shows that a large amount of transported sediment was dispersed offshore. In agreement with the 

wind and wave directions, the plume shows a deviation towards NNW, together with the other minor plumes 

of the Scolmatore Channel located further south. The reconstruction of the flow line allows the identification 

of two shadow areas in sediment dispersion: one located in the northern sector between the Lame della 

Gelosia and il Gombo (area A in Figure 3.6), and the other one situated in the southern sector in front of the 

village of Marina di Pisa (area B in Figure 3.6). 

The Sentinel-2 image recorded at 10:22 a.m. on 6 February 2019 shows the final phase of the flood event 

of February 3, characterized by a wave direction from 300°N (which is the second in occurrence), and a 

fluvial discharge of 1131 m3/s at the S. Giovanni alla Vena gauge (return time of 3 years, Figure 3.7 ). In this 

case a significant volume of sediments was dispersed offshore, while the entire solid longshore transport 

faced south (Figure 3.7). Apart from the first kilometer to the north of the river mouth, the northern sector 

does not receive any sediments. In the southern sector, the shadow area in front of Marina di Pisa is still 

visible; instead, according to wave direction analyses, a part of the solid load reaches the southernmost area 

in correspondence to the village of Tirrenia and the borough of Calambrone (area C, Figure 3.1d). 

A more generalized analysis of sediment dispersion of the Arno River along the coast was performed 

considering several images for the period 1984–2020 (Landsat and Sentinel-2). Specifically, Figure 3.8 

shows the result of processing the 50 Sentinel-2 and the 101 Landsat 5, 7 and eight images. The analysis was 

performed using the red band. In the first data processing the final images (Figure 3.8a,c) were obtained 

considering in each pixel the mean value recorded in all the analyzed images. Specifically, the mean value on 

the red band of the 50 analyzed Sentinel-2 images is recorded in each pixel of Figure 3.8a, while the mean 

value of the 101 analyzed Landsat images is recorded in each pixel of Figure 3.8c. In the second processing 

data the final images are obtained considering in each pixel the maximum value recorded on the red band in 

all the analyzed images (Figure 3.8b for the Sentinel-2 Images and 8d for the Landsat images.). All the 

images obtained show that the area to the north of the river mouth is characterized by a greater reflection on 

the red band than the southern area. This suggests a different distribution of the sediment between the 
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northern part and the southern part. In particular, the southern area near the mouth of the river has the lowest 

reflection values for the entire stretch of coast studied. Moreover, the shadow areas described (Figure 3.6 and 

Figure 3.7) in the northern and southern sectors are confirmed also in Figure 3.8b,d, which consider the 

maximum pixel value. The images based on the mean values (Figure 3.8a, c) allow identification of the main 

distribution of the sediment in the period studied (considering only the mean value of the differences among 

the various sectors are minimized). The images based on the maximum values (Figure 3.8b) accentuate the 

differences between the areas that received a greater supply of sediment and those with the opposite 

behavior. 

 

 



Relationship between river discharge and coastal erosion 

63 

 

Figure 3.6 Sentinel-2 image showing the Arno flood event of 3 December 2019 characterized by a fluvial discharge of 

902 m3/s at the S. Giovanni alla Vena gauge and wave direction N 240–180. Black arrows show the sediment flow 

directions derived from a qualitative analysis of the image using the tone mapping method to emphasize the contrast. 

Dashed lines highlight the main plumes at the different river mouths. Purple lines enclose the shadow areas (after Bini 

et al., 2021, modified). 
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Figure 3.7 Sentinel-2 image of 6 February 2019 showing the end of the Arno flood event of 3 February 2019 

characterized by a fluvial discharge of 1131m3/s at the S. Giovanni alla Vena gauge and wave direction N 290. Black 

arrows show the sediment flow directions reconstructed after qualitative analysis of the image using the tone mapping 

method to emphasize the contrast. Dashed lines highlight the main plumes at the different river mouths. Purple lines 

enclose the shadow areas (after Bini et al., 2021, modified). 
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Figure 3.8 Analyses of the red band of 50 Sentinel-2 images and 101 Landsat images, acquired during the period 1984-

2020. In each pixel the mean value recorded in the Sentinel-2 images (a) and Landsat images (c) respectively, are 

shown. In each pixel the maximum value recorded in the Sentinel-2 images (b) and Landsat Images (d), respectively, 

are shown (after Bini et al., 2021, modified). 

3.3.4 Post-Flood Field Investigations 

In the C area between the little village of Tirrenia and Calambrone, new DGPS shoreline measurements 

acquired before and about one month after the flood of 3 February 2019 document an advance of the 

coastline (Figure 3.9). More precisely, on a linear stretch of coast of about 6.5 km, there was an increase of 

the land of about 16,400 m2 following this event, which occurred under more favorable conditions of the 

wind and sea states (wind and wave directions from NW) for nourishment of the southern sector. Grain size 

distribution of sediment collected in two sites (the first one on the sediments left by the river on the city 

center embankment and the second one on the beach of the C area: Figure 3.1b) shows an evident analogy 

between the samples and a predominance of coarse (50% ca) and medium sand (45%) in both the cases 
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(Figure 3.10), excluding the plumes identified by remote sensing that were formed by fine material 

unsuitable for beach nourishment. 

 

Figure 3.9 (a) Coastline monitoring in the area C, 23 days after the event of 3 February 2019. Red line DGPS 

measurements acquired on 1 October 2018, and yellow line DGPS measurements acquired on 26 February 2019. The 

numbers in figures 9 (b) and (c) represent the areal changes (in m2) between the two acquisitions (after Bini et al., 2021, 

modified). 
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Figure 3.10 Grain size analysis of sediment samples in the city of Pisa and along the South Coast. (a) Histogram of 

grain size (𝜙) of samples in Pisa (top) and along the South Coast (bottom); (b) cumulative curve of two samples; (c) 

photograph showing sampling site (after Bini et al., 2021, modified). 

3.4 Discussion 

The analysis of the coastline position during the last 142 years represents the most comprehensive study 

ever performed on the history of coastline evolution of the Pisa coastal plain. Our results actually expand the 

work of Besset et al. (2019), both in terms of time (Besset et al., 2019 consider only the period between 1944 

and 2015) and resolution, since they mainly consider satellite images. Analysis of the data shows a 

predominance of areas permanently affected by erosion, corresponding to 60% of the total area investigated. 

Following a period of progradation due to the phases of Arno delta construction beginning at about 3000 ka 

BP (Bini et al., 2015; Mazzanti, 1994; Pranzini, 2001; Sarti et al., 2015, 2010), different parts of the Pisa 

plain experienced marked coastal erosion, which started at the end of the 19th century and increased after the 

construction of the river mouth jetty, especially on the hydrographic right (Bini et al., 2008; Casarosa, 2016; 

Pranzini et al., 2018; A R Toniolo, 1910; Toniolo, 1927). 
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However, with the exception of A area (Figure 3.1), which was particularly affected by erosion, the 

overall value of erosion remained low until the 1950s when there was a rapid documented increase of the 

process. Erosion was particularly severe at the end of the 1980s, probably caused, among other things, by the 

effects of dredging/damming (Autorità di bacino del Fiume Arno, 2000; Billi and Rinaldi, 1997). The 

following period was characterized by an increase in erosion around 2010, while a reduction in the erosion 

rate was documented in the last eight years (since 2012). The period most affected by erosion was around the 

1980s, particularly the area northwards of the Morto Nuovo River, A area where the Arno mouth jetty limits 

sediment flow that evolved naturally until 2001, and B area, where several human interventions designed to 

mitigate the erosion effects have been constructed since the beginning of the twentieth century (Aminti et al., 

2004; Pranzini et al., 2018). 

In the absence of precise modern measures of solid load, Cavazza, (1984) and Paris and Becchi (1989) 

provide an estimate of 1.5 t/yrs. In addition, only eight sporadic measurements were made far from the river 

mouth by (Paris et al., 2012). It is possible to indirectly define the role of solid load in countering erosion, in 

an attempt to create a correlation with fluvial discharge (Besset et al., 2019; Billi and Fazzini, 2017). The 

sporadic data obtained by Paris et al. (2012) highlighted the presence of sand in the suspended sediments 

transported by the river, starting from the discharge value of about 500 m3/s at the Nave di Rosano gauge 

(Figure 3.1). Figure 3.11a shows the sections of S. Giovanni alla Vena and of Nave di Rosano, while Figure 

3.11b shows the relationship between the discharges of these two stations. The linear regression of the two 

datasets is represented by the following equation: 

𝑦 = 0.60𝑥 − 1.86, (12) 

where 𝑦 is the discharge of Nave di Rosano and 𝑥 the discharge of the S. Giovanni alla Vena. The 

equation highlights that the discharge at Nave di Rosano is about 60% the discharge at S. Giovanni alla 

Vena. R2 of the linear regression is 0.79 and RMSE (Root Mean Square Error) is 40.25 m3/s. By using the 

outflow scale provided by the Regional Hydrologic Service of the two investigated stations, we can derive 

the velocity as a function of discharge (Figure 3.11c). A discharge of 500 m3/s at Nave di Rosano 

corresponds to a flow velocity of ca 1 m/s. The same flow rate at S. Giovanni alla Vena corresponds to a 

little less than 700 m3/s discharge. 
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For this reason, it may be hypothesized that values of discharge starting from 700 m3/s at S. Giovanni alla 

Vena are the most suitable to counter coastal erosion transported by suspended sand. These data are 

consistent with those observed in the Tiber River (Bellotti et al., 2011) in a climatic and environmental 

setting not very different from the Arno River catchment. 

The role of solid load in countering the coastal erosion of this territory is documented by the qualitative 

anticorrelation between fluvial discharge and erosion rate (Figure 3.12). In particular, Figure 3.12 shows a 

minimum of fluvial discharge during the years 1954, 1978, 2012 corresponding to a peak of erosion, while in 

the years 1928–1944, 1954–1975, and after 2012 the erosion rate (despite some fluctuations) diminished, and 

the fluvial discharge increased. In the period 1960–2012 the river discharge was significantly low. This was 

particularly true for events >700 m3/s (purple bars in Figure 3.12). It is logical to presume that the same 

occurred with the transported sediment load. It is perhaps for this reason that several authors (e.g., Anfuso et 

al., 2011; Bini et al., 2008; Pranzini, 1989), on the basis of the data available until 2010, considered the Pisa 

coastal plain to have evolved as a relict beach. However, this general trend seems to have changed over the 

last decade, with a slight decrease in erosion possibly caused by a slight increase of the solid load related to 

an increase in events greater than 700 m3/s. In more recent years the data concerning the solid transport of 

sand in suspension starting from 700 m3/s have been more reliable, and large environmental changes (in 

sections of the riverbed, availability of sediments resulting from different soil use in the catchment basin, 

etc.) can be excluded. Moreover, the quality of the shoreline data in the last 12 years (through high frequency 

DGPS acquisition) allowed to better understand the relationship between river discharge and the trend of 

erosion. 
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Figure 3.11 (a) River cross-section at S. Giovanni alla Vena gauge (red line) and Nave di Rosano (black line); (b) 

relation between discharges of the Arno River at S. Giovanni alla Vena and at Nave di Rosano; (c) relation between 

discharge and flow velocity resulting from the outflow scale at S. Giovanni alla Vena (red curve) and Nave di Rosano 

(black line). The location of the two gauges is highlighted in Figure 3.1c (after Bini et al., 2021, modified). 

 

Figure 3.12 Relation between erosion rate of the coast (black line) and discharge of the Arno River over time. Number 

of flood events lower than 700 m3/s recorded per year (grey bars) and the number of flood events higher than 700 m3/s 

recorded per year (black bars). Data on number of events from Table S1. Normalized discharge amount with a 10 year 

mobile window of whole time series (blue line) (after Bini et al., 2021, modified). 
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The study of Sentinel-2 images related to the flood event of 3 December 2019 with fluvial discharge of ca 

900 m3/s (a little higher than the threshold of 700 m3/s identified for the transport of sand), allowed us to 

identify the presence of a large plume of sediments in front of the mouth of the Arno River. Moreover, grain 

size analysis of the transported sediments highlighted the presence of well-sorted medium sand (>0.315 

mm), perfectly consistent with the sediments characterizing different parts of the Pisa coastal plain (Pranzini 

and Simonetti, 2008) and suitable for coast nourishment. However, the sediments forming the plume were 

largely dispersed offshore. 

Analysis of the images presented in Figure 3.6, Figure 3.7 and Figure 3.8 also made it possible to infer 

that strong erosion still characterizing some sectors of the Pisa coastal plain is related to the mode of 

longshore dispersion of the sediments that reached the coastline. Indeed, the analyzed flood event can be 

considered representative of most of the floods characterizing the Pisa coastal plain, which took place under 

the most common wind and sea state (more than 90% of events occurred with wind and wave directions from 

W/SW). The reconstruction of the flow lines (Figure 3.6) shows that areas A and B were not enhanced by the 

dispersion of sediments transported during the floods that occurred under these wind and sea state 

conditions. 

The study of the events of 3 February (higher in discharge: ca 1100 m3/s), which arose in less frequency 

but had more suitable sea state conditions in the southern sector (wind and wave directions from NW) 

underlines the presence of the same shadow areas. The most favorable condition for nourishing the northern 

beaches is the occurrence of floods with winds blowing and waves coming from SW, while the most 

favorable condition for nourishing the southern sector is the occurrence of floods with waves from the W 

and/or NW (Figure 3.6). Thanks to these studies it is possible to hypothesize that coastal sectors that are not 

fed by sediments during these events generally lack sedimentary supply. These interpretations have been also 

confirmed by analyses on several Landsat and Sentinel-2 images showing the process of sediment dispersion 

over the chronological interval 1984–2020. In all the cases analyzed, many Arno River sediments do not 

reach the coastline but are dispersed offshore. This aspect is likely to have more relevant effects on coastal 

erosion than the decrease in the solid load of sediments transported by the Arno River, as hypothesized by 

several authors (Anfuso et al., 2011; Bini et al., 2008; Pranzini, 2001). However, our work also suggests that 

sediment load may have had an opposite trend in the last decade, as shown by the analysis of fluvial 
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discharge analysis, with a slight increase in the number of events higher than 700 m3/s, suitable for sand 

transport. 

As highlighted by Sentinel-2 analyses, the shape of the jetty at the river mouth also played a key role in 

the dispersion of sediments offshore and in the creation of shadow areas longshore. As documented in Figure 

3.6 and Figure 3.7, some sediments reach the northern sector passing through an opening in the jetty (see 

plume 1a, Figure 3.6), but this intervention is still insufficient to limit the formation of the shadow zone in 

the northern sector. In this respect, it may be useful to seriously consider the maintenance/change of shape of 

this engineering structure, built at the beginning of the 1900s, which was supposed to avoid the silting up of 

the river mouth and to reduce the flood hazard that is creating significant coastal erosion problems. In more 

recent years, a similar crucial role has been played by the jetty at the Morto Nuovo River. It is important to 

reflect on the extensive use of expensive and impacting engineering defenses in this area, which do not 

always give the expected protection results. In some cases, the defenses have been destroyed by coastal 

erosion as documented by Pranzini et al. (2018), and in other cases the defenses have shifted the coastal 

erosion from one coastal sector to another (e.g., areas of the village of Marina di Pisa, where erosion and 

coastal defenses are moving southwards and seaward acting on the submerged profile) (Casarosa, 2016; 

Pranzini et al., 2018). 

The possibility for the solid load to reach the coastline to counter erosion was confirmed by using a 

DGPS to measure a small stretch of coast in the southern sector in front of the village of Tirrenia (area C, 

which exhibits a general trend of stability, reached by sediments during the described events). We 

documented an advance by comparing the shoreline position obtained by DGPS before the event of 3 

February 2019 with the shoreline measured about one month after this event. Since grain size analysis of the 

sediments of the riverbed and of the southern coastal area are consistent and correspond to medium sand, we 

can deduce that part of the southern coast receives sediments from the Arno River. Furthermore, the grain 

size range of the transported sediments is useful to counter erosion. On the contrary, areas A and B are 

affected by erosion because they are not influenced by the dispersion of the sediments of the plume under 

different marine weather conditions. 
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4 Shoreline identification method 

Currently, drones are used in monitoring of many different environments and the coasts are no exception. 

Morphology is a very important data that is extracted from RGB images sampled with a drone and through 

the application of photogrammetry techniques. A very important parameter of coastal morphology is the 

shoreline which allows to creation chronological series of changes and an easy comparison with the data of 

the past. However, as far as the author knows, an objective method for extracting the shoreline position from 

drone-derived data has not yet been defined. In the following paragraph the methodology, the results, and the 

discussions about the method that this thesis wants to propose will be illustrated. 

4.1 Study area 

For the realization and validation of the shoreline position identification method, the UAV and 

Differential GPS (DGPS) surveys are executed in a littoral area of 4.5km located on the right bank of the 

Arno River (Figure 4.1). 

 

 

Figure 4.1 Study area 
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4.2 Material and Methods 

4.2.1 DGPS Survay 

We have sampled 224 points with a R8s Trimble real-time kinematic (RTK) DGPS. The 224 points were 

divided into 112 pairs, so that the shoreline was sampled by taking a point in the water and a point on the 

land where the waves ended (Pranzini and Simonetti, 2008). Sampling took place in calm waters. We built 

the shoreline starting from DGPS points and we designed an appropriate algorithm able to automatically 

place the shoreline between the two points (one towards land and the other towards sea). The operations of 

this algorithm are illustrated in Figure 4.2. Positioning of the shoreline depends on the elevation of the two 

investigated DGPS points. In case one point has a negative elevation and the other point has a positive one, 

the algorithm makes a linear interpolation between the two acquired points. It selects the point with 0 m of 

elevation (coordinate z) among the interpolate points and it derives the x and y (latitude and longitude) 

coordinates of the shoreline from this point. In case both points have positive (or negative) elevations, the 

only difference is that the algorithm selects along the topography profile the point (latitude and longitude) 

with the coordinate z equal to the mean altimetry of two DGPS points investigated from this point (Figure 

4.2). With this algorithm, we assume AMSL using the elevation of the DGPS points. When the 0 m AMSL is 

included in the topography profile, we consider this altimetry as the most representative of the interface 

between water and land. When the 0m AMSL is not included in the topography profile, we must choose 

another AMSL altimetry. In such case, we believe that the best representative altimetry is the mean elevation 

between the two extremes of the profile (one towards land and the other towards sea). 

After the identification of all the 112, points of shoreline, we drew the polyline representing the boundary 

between water and land. 
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Figure 4.2 Flowchart of the algorithm designed for identification of the shoreline using differential GPS (DGPS) points 

4.2.2 UAV Survey 

SfM is a photogrammetric technique which allows to reconstruct 3D models starting from a collection of 

photos of the same elements obtained from different viewpoints (Favalli et al., 2012; Lowe, 2004; Westoby 

et al., 2012). The frames are sampled by means of an Unmanned Aerial Vehicle (UAV) equipped with a 

consumer-grade camera. In particular, we used DJI Phantom 4 Pro V2, which is a quadcopter with a flight 

autonomy of 30 minutes. The FC6310S camera was able to take photos of 5472 × 3648 pixels (in a 3:2 

aspect ratio setting). All acquisitions were obtained with a 24 mm focal length and camera oriented in 

orthogonal mode with respect to the ground. 

The flights were in automatic mode and reached a maximum distance of 500 m from the pilot (as required 

by the Italian regulatory system), making it possible to perform 1 km sections for each flight. 

All flight plans were created using the Desktop UgCS (Universal Ground Control Station) software and 

were performed using the UgCS application for Android OS. The "Area scan" function allowed us to set the 

parameters so as to obtain a flight height of 50 m above ground level (AGL) and an overlap of the acquired 

photos equal to 75% for each side. By using this flight height, we were able to scan a 75 × 50-meters area for 

each photo. Image acquisition was directly controlled by the flight execution software, UgCS for DJI 

(Android version); the shooting interval was set to 2 seconds, the manual focus to infinity, while disabling 
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the autoexposure, and storage format was JPG. Four parallel transects were performed for each flight, to 

obtain a mapping of 1000 × 70 m with the yaw of the drone constantly set at the same angle with respect to 

the Earth's North. Georeferencing of the 3D model obtained through SfM requires the identification of the 

ground control points (GCPs) which coordinates are sampled using DGPS. We positioned 45 GCPs in the 

4.5km of the investigate area.  

The investigated coastline (area A1 in Figure 3.1) of about 4.2 km was divided into four flights of UAV. 

We chose to divide the area into four flights for two technical reasons: the first one is the autonomy of UAV 

of about 15 minutes; the second reason was linked to the size of the DEM and of the orthophotos resulted. 

Very large grids are difficult to manage and process. 

4.2.3 Data Processing 

We processed the photos and GCPs by using Metashape Professional software (Agisoft LLC, St. 

Petersburg, Russia), which implements SfM and multi-view stereo matching algorithms. 

The first step in the standard workflow by Metashape Professional is to upload a set of images and to 

evaluate their quality. Metashape Professional finds correspondence points between overlapping images. It 

estimates the camera position for each photo and creates a scattered point cloud model. When available, the 

GCPs are identified in the images, and their coordinates are entered. GCPs are typically used as control 

points to optimize camera position and orientation data, making it possible to obtain better model reference 

results. The next step is to create a dense point cloud based on the estimated positions and parameters for 

each camera. Finally, a DEM and an orthomosaic are calculated with pixel dimensions that depend on the 

average resolution of original image terrain sampling. 

4.2.4 Shoreline Identification algorithm 

To extract the shoreline from DEMs and orthomosaics, we identified a new semi-automatic method based 

on the beach profile by the SfM technique. The method is based on the principle that SfM performs poorly 

on uniform or reflecting surfaces like the sea (Kohv et al., 2017). The beach profiles obtained with SfM are 

more irregular and unrealistic on sea, becoming regular and realistic when the points are referred to the land. 

By exploiting this principle, we used an algorithm that sought the transition point between an irregular 

profile (sea surface) and a more regular profile (beach). The algorithm is based on the use of transects along 
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the beach. The transects must have an orientation from the sea to land. The profile of the transect, which 

includes the surface of the sea, will be characterized by a low coefficient of determination (R2; Figure 4.3), 

moving from the sea towards the beach and gradually discarding part of the transect profile, which will be 

regularized until it includes only and exclusively the beach profile. When the profile has an R2 greater than 

or equal to a determined threshold, the algorithm stops and identifies the point of coordinates closest to the 

sea (Figure 4.3). 

We developed a QGIS v3.x plugin in Python 3 to make the algorithm available to the scientific 

community working in the field. The plugin can be downloaded using the official repository of QGIS and is 

called “Shoreline Identifier” 

 

Figure 4.3  Description of shoreline identification from the Unmanned Aerial Vehicle (UAV) orthomosaic and Digital 

Elevation Model (DEM). (a) The location is a typical transect oriented from sea to land (yellow line). The blue point 

represents the local attribution of the shoreline by an algorithm; (b) profile on DEM from SfM of the investigated 

transect; (c) four illustrative steps of the algorithm to find the shoreline point. R2 is calculated only on the part of the 

profile coloured in red. The grey dashed line represents the progressive part of the profile discarded by the algorithm 

(after Luppichini et al., 2020, modified). 



Results  

78 

4.3 Results 

The main parameters of the four UAV surveys are reported in Table 4.1. The RMSE between the 

coordinates of the GCPs and their calculated position in the Metashape models appears in Table 4.2. The 

model with the highest error is model 1 with 15 GCPs on a coverage area of 0.15 km2. The model with the 

least number of GCPs is the model 4, which is the smallest in terms of coverage area. The DEM resolution is 

of 2.79 cm/pix for model 1; 2.56 cm/pix for model 2; 2.72 cm/pix for model 3, and 2.67 cm/pix for model 4.  

Table 4.1 Main parameters of the four UAV surveys. 

Model Number of Images 
Flying Altitude 

(m) 
Ground Resolution (cm/pix) 

Coverage Area 

(km2) 

1 361 45.3 2.79 0.15 

2 341 42.3 1.28 0.128 

3 367 38.3 1.36 0.111 

4 561 29.3 3.48 0.060 

 

Table 4.2 Root-mean-square error (RMSE) between the coordinates of the GPS control points and their calculated 

position in the Metashape models. 

Model 
Number of 

GCPs 

X RMSE 

(cm) 

Y RMSE 

(cm) 

Z RMSE 

(cm) 

XY RMSE 

(cm) 

Total RMSE 

(cm) 

1 15 1.25 0.91 5.65 1.55 5.86 

2 15 0.96 0.82 4.61 1.26 4.78 

3 9 1.73 0.60 3.35 2.83 3.82 

4 6 0.61 0.19 3.33 0.64 3.39 

 

The development of the algorithm for identification of the shorelines on the basis of topography led to the 

use of an R2 threshold above which there is a transition from a profile containing the sea to an exclusive land. 

During each step, the algorithm makes a shift along with the coast profile of 0.001 m. 

Figure 4.4 shows three frames of the shorelines obtained with DGPS points and UAV image processing. 

The two shorelines are different, but it is difficult to claim whether one is better than the other. The DGPS-

derived shoreline in Figure 4.4a approximates the real shoreline better than the UAV-derived shoreline. 

However, in Figure 4.4c, the behaviour is opposite, and in Figure 4b the two shorelines approximate the real 

shoreline better alternating.  
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Figure 4.4 Shorelines derived from DGPS (red line) and from UAV image processing (blue line). a) The DGPS-derived 

shoreline (red line) approximates the real shoreline better than the UAV-derived shoreline (blue line); b) the two 

shorelines approximate the real shoreline better alternating; c) the UAV-derived shoreline (blue line) approximates the 

real shoreline better than the DGPS-derived shoreline (red line; after Luppichini et al., 2020, modified). 

4.4 Discussion 

We evaluated a new method to extract UAV-derived shorelines by comparing the location distance of 

coastline points along the 112 transects derived from the DGPS points used to realize the coastline that we 

considered the most flawlessly obtainable. To apply the method, we had to locate transects orthogonal to the 

beach. Figure 4.4 shows the distances between the relative points of shoreline derived from DGPS and those 

derived from UAV images. We needed about 8 transects every 100 meters to obtain a minimal error between 

the two types of shorelines (Figure 4.5). The minimal mean error with more than 12 transects/100 m is 1.58 

m. The number of transects necessary to obtain a precise shoreline is also influenced by the coastline profile; 

for example, a more irregular coastline needs a greater number of transects. The use of UAV images to 

extract a shoreline allows you to decide the number and position of transects after the survey. This is not 

possible when we build the shoreline by using DGPS points: We have to decide the number and the location 

of point pairs during the sampling phases. 
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Figure 4.6 shows the differences in terms of areas by comparing the DGPS-derived with the UAV-

derived shoreline. The orange polygons represent the total area when the DGPS-derived shoreline is less 

seaward than the other shoreline. The blue polygons show the total area, when the DGPS-derived shoreline is 

more seaward than the other shoreline. The shoreline derived from the UAV images is closer to the beach 

than the shoreline derived from the DGPS points (Figure 4.6b). In other words, the UAV-derived shorelines 

overestimate the mainland compared to the DGPS-derived shorelines. In some cases, equal to about 30% of 

the total investigated area, the UAV-derived shorelines underestimate the mainland compared to the 

shoreline derived from DGPS (Figure 4.6b). 

The RMSE between the DGPS shoreline and the UAV-derived shoreline using 12.8 transects/100 m is 

1.69 m, much lower than the methods involving the analysis of satellite images, whose order fluctuates 

between 6 and 12 m depending on the techniques and images used (García-Rubio et al., 2015; Sánchez-

García et al., 2015; Vos et al., 2019a). 

Figure 4.4c shows the main errors that occur when using DGPS points to build the shoreline. The 

samplers misinterpolated this stretch of beach by taking an insufficient number of points. The result is a too 

simplified shoreline, which is a typical error when using DGPS to create a topography profile. Once data 

have been sampled, there is unfortunately no possibility of correcting this simplification. On the contrary, in 

the case of UAV-derived shorelines, we can improve the approximation of the real shoreline by increasing 

the number of transects. This operation is not linked with the sampling phase of the data, and therefore, it can 

be applied at any time.  
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Figure 4.5 Analysis of errors between shoreline points derived from DGPS points and those derived from DEM by 

Structure from Motion (SfM) processing. The errors are the distance between two relative points of shorelines along 

112 transects derived from DGPS points. The box represents the 25th and 95th percentiles, the green line the median, 

the red triangle the mean, and the whiskers the 5th and 95th percentiles (after Luppichini et al., 2020, modified). 

 

Figure 4.6 Analysis of the differences between DGPS-derived shorelines and UAV-derived shorelines. (a) Example of 

the differences in the areas between DGPS-derived shorelines and UAV-derived shorelines; (b) bar plot of the different 

areas of the beach comparing the two types of shorelines. The blue and the orange rectangles show the total area when 

the DGPS-derived shoreline is more or less seaward compared to the other shoreline obtained from UAV images (after 

Luppichini et al., 2020, modified). 
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5 Deep learning models to predict flood events 

Flood events are one of the main hydrogeological phenomena closely linked to global warming due to 

their ability to modify the rainfall regime, especially in extreme events. This entails the need to have models 

capable of predicting flood events, also increasing their warning time. In recent years, artificial intelligence 

techniques have been applied in various contexts of geosciences including also in the prediction of river flow 

regimes. This study aims to apply these methods in a context characterized by short run-off times. The study 

is conducted in the Arno River basin, the main hydrographic basin of Tuscany.  

5.1 Material and methods 

5.1.1 Arno River Basin 

The Arno River basin (Figure 5.1) is approximately 8300 km2 wide, the fifth in extension in Italy, and is 

bordered by the Apennine chain from north to east. The average and maximum elevations are about 350 and 

1600 m a.s.l., respectively. The Arno is the main river in Tuscany and one of the longest (240 km) in Italy. 

Thus, flood forecasting is strategic in the Arno River basin, since the river crosses the two main Tuscan cities 

of Florence and Pisa, as well as many production centers. Figure 5.1 also shows the location of the 

hydrometric stations used in this study, whereas Figure 5.2 shows the digital terrain model (DTM) and the 

slope of the basin. 

Owing to its geological, geomorphological and morphometric features, the Arno River basin is 

characterized by a general relatively short run-off time. However, different sectors of the river characterized 

by different run-off times can be recognized: in the mountainous hilly area, the run-off times range from 4 to 

6 hours, whereas in the lowland areas the run-off time is ca 20-24 hours approximately (Autorità di Bacino 

del Fiume Arno, 1989). This behaviour is interesting to understand whether the applied methodology has 

limitations when the basin run-off times are short. 
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Figure 5.1. The Arno River basin and its main drainage network. 

 

Figure 5.2. Morphological characteristics of the Arno River Basin: a) 10×10m DEM provided by the Tuscany Region 

(https://www.regione.toscana.it/-/geoscopio); b) grid of the slope obtained from DEM. The red dots identify the eight 

hydrometric stations used in this work (after Luppichini et al., 2022, modified).  

5.1.2 Database and data input pre-processing 

The dataset used (provided by the Regional Hydrologic Service, hereafter SIR), comes from a very rich 

monitoring network that includes 487 raingauges and 193 hydrometers (Figure 5.3), with a sampling time of 

15 minutes. For our models, we selected the most complete time series using 48 raingauges and 35 

hydrometric stations for the decade 2010-2020. The 15-minute sampling time allowed us to better describe 

the phenomena that develop over a short time span. Indeed, a low sampling frequency could lead to run-off 
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and rainfall curves that do not adequately represent the natural phenomenon. From this point of view, deep 

learning models are capable of reproducing these curves, resulting to be precise but not very accurate. On the 

other hand, the high frequency of sampling involves an increase of the noise in the data that could create 

errors in the models. In our case, we have no noise signal in the data, and for this reason we have chosen to 

use the maximum resolution available for the study area. In our study, we wanted to get as close as possible 

to the real phenomenon by limiting simplifications in the flow or in the rainfall curves. 

 

Figure 5.3. a) Monitoring network of SIR (15-minute sampling frequency; source: 

https://www.sir.toscana.it/consistenza-rete). The blue circles represent the rainfallgauges and the red triangles represents 

the hydrometers. b-i) Distribution of output hydrometers (red stars), input hydrometers (red triangle) and raingauges 

(blue circle) in the 8 sub-basins simulated in this work (after Luppichini et al., 2022, modified). 

For our purposes, the Arno River basin was divided into eight sub-basins closed at specific hydrometric 

stations, which were used as model outputs. From upstream to downstream, we selected the following 

hydrometric stations: Subbiano, Incisa valle, Nave di Rosano, Firenze Uffizi, Ponte a Signa, Fucecchio valle, 

Pontedera and S. Giovanni alla Vena (see Figure 5.2). They were chosen for having almost complete time 

series with a small number of missing values, and for being in strategic positions for monitoring of the river. 

The stations of Subbiano, Incisa Valle, and Nave di Rosano are positioned upstream of the city of Florence, 

thus allowing to predict flood events upstream of the city of Florence. Firenze Uffizi station is a key to 

understanding the hydraulic behaviour of the river in the most important city of Tuscany. Ponte a Signa 

station is near a large flood reservoir, whereas the Fucecchio valle station provides information on the 
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hydraulic behaviour of the river in a completely flat area. Pontedera station is near the Scolmatore Canal, an 

artificial canal built after the 1966 flood in order to protect Pisa (the second main Tuscan city crossed by the 

Arno River) from flooding. The Scolmatore Canal drains the waters of the Arno River directing them 

towards the sea. S. Giovanni alla Vena station is the nearest one upstream to Pisa. Figure 5.4 shows the 

hydrometric and rainfall stations used for each sub-basin model. We chose the input stations according to 

their datasets and geographical positions. This choice was made to obtain a homogenous distribution of 

station in each sub-basin. Table 1 lists the characteristics of each modelled sub-basin and the relative stations 

considered. For each sub-basin, Mean Annual Precipitation (MAP) and Mean Annual Temperature (MAT) 

were computed by using the 1920-2020 data on the basis of the meteorological stations indicated. 

Table 5.1. Features of each modelled sub-basin and of the stations used (MAP: Mean Annual Precipitation; MAT: Mean 

Annual Temperature and relative standard deviation - Data from 1920 to 2020). 

Output Hydrometric 

Station 

Sub-

basin area 

(km2) 

Sub-basin 

average elevation 

(m a.s.l.) 

n. 

input 

raingauges 

n. input 

hydrometers 

Subbiano 750 750 11 0 

Incisa Valle 2,840 580 28 3 

Nave di Rosano 3,840 460 26 8 

Firenze Uffizi 3,970 450 25 9 

Ponte a Signa 4,540 430 22 12 

Fucecchio 6,600 370 19 20 

Pontedera 7,850 340 14 30 

S. Giovanni alla Vena 8,030 320 19 25 

 

For each output hydrometer, we built a deep learning model to predict its 15-minute measurements (𝐻𝑡). 

The mathematical expression of the model, representative of all the investigated sub-basins, can be defined 

as follows: 

𝐻̂ = 𝑓(𝑋𝑡) = 𝑓(𝐻𝑡−1, 𝐻𝑡−2, … , 𝐻𝑡−𝑛, 𝑅𝑡−1, 𝑅𝑡−2, … , 𝑅𝑡−𝑚)  (13) 

where 𝐻̂ stands for the predicted hydrometric height at time t; 𝐻𝑡−1, 𝐻𝑡−2, … , 𝐻𝑡−𝑛 are the antecedent 

hydrometric heights (up to t–1, t–2, …, t–n time steps);  𝑅𝑡−1, 𝑅𝑡−2, 𝑅𝑡−𝑚 are the antecedent rainfall (t–1, t–

2, …, t–m time steps).  



Material and methods  

86 

Some tests and trials highlighted the need to create an input dataset with t up to 96 steps. To decrease the 

noise contained by many steps and close measurements, we provided every t for the first previous hour and 

then one every 4 steps (e.g., t-0, t-1, t-2, t-3, t-4, t-8, t-12, t-16, ..., t-96) up to the 24th hour. 

The evolution of the riverbed influences the hydrometric measurements. Since a hydrometer measures the 

flow heights relative to a fixed point over time, sediment deposits near the hydrometer cause the measured 

value to be higher than the correct value (systematic error). On the contrary, the riverbed erosion causes a 

measurement lower than the correct one. For this reason, we could observe negative values of hydrometer 

measures or a progressive movement of the minimum annual level of the river. Furthermore, measurement 

errors could occur, inducing inconsistencies and incoherence in the dataset. These problems of hydrometric 

measurements are summarized in Figure 5.4 (grey line), which shows that the past year presents the highest 

minimum flow of the river and that there are some errors when measurements are equal to 0. For this reason, 

we normalized the hydrometric measurements for each time series used by removing the incorrect data and 

standardizing the measurements and then comparing the minimum measured each year with the last one 

(Figure 5.4, blue line).  

 

Figure 5.4. Standardization of a hydrometric height time series (the example is refered to the Subbiano station). We 

removed all fake data and calculated the minimum river level value that was stationary over time each year (after by 

Luppichini et al., 2022, modified).  
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5.1.3 Model development 

To accomplish the deep learning models of this study, we mainly used the open-source framework 

Tensorflow (Abadi et al., 2015) and the libraries Numpy, Pandas, Scikit-Learn and Keras (Chollet, 2015) in 

Python language v 3.7 (van Rossum and Drake, 2009). The architecture of the developed models is based on 

an encoder-decoder LSTM, formed by two pairs of LSTM nodes (Figure 5.5). This architecture allows usage 

of an LSTM to read the input sequence, one step at a time, in order to obtain a fixed-size vector 

representation in a data structure that occupies a large amount of memory. We then introduced another 

LSTM to extract the output sequence from that vector (Sutskever et al., 2014). The encoder is composed of 

two sequence layers (LSTM) of 32 and 16 units, respectively, followed by a repeat vector node. The repeat 

vector layer repeats the incoming inputs for a specific number of times. The decoder is composed of two 

LSTM layers of 16 and 32 units respectively, followed by a time-distributed dense node as output of our 

model. To evaluate the discrepancy between the predicted and the measured values, we used a loss function 

for each observation, which allowed us to calculate the cost function. We needed to minimize the cost 

function by identifying the optimized values for each weight. Thanks to multiple iterations, the optimization 

algorithm computes the weights that minimize the cost function. In our implementation, we used the Adam 

optimizer (Kingma and Ba, 2014). Adam is an adaptive learning speed method, meaning that it computes 

individual learning rates for several parameters (Kingma and Ba, 2014). To stop the training, we used the 

specific API of Keras and, in particular, the early stopping method. This method allows the training 

procedure to stop when the monitored metric, namely the value of the cost function, has ceased to improve. 

Therefore, given all the possible hypotheses, we wanted to find the best one (called “optimal”). This 

hypothesis would make it possible for us to make more accurate estimates, still based on the data available. 

We split the dataset into three parts: training, validation, and test dataset (Figure 5.5). The training dataset 

includes the 2010-2017 data, and represents the input in the learning step. The validation dataset is composed 

of the 2017-2019 data and is used to calculate and optimize the loss function in the learning phase. Finally, 

we used the test dataset (2019-2021) to evaluate the final model: the prediction step allowed us to forecast 

the hydrometric heights of the river because these data are unknown to the model. This partition of 60% - 

20% - 20% for training, validation and test dataset is used by several studies (e.g., Hu et al., 2020; Li et al., 

2020; Nguyen and Bae, 2020) and permits to have sufficient data for the training and the evaluation of the 
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model. In detail, Li et al. (2020) use a similar subdivision of the dataset considering only one year for 

validation and for the test dataset.  

The cost function used was the mean square error (MSE) calculated on the validation dataset. The 

partition of the whole dataset permitted to minimize the overfitting effect on the training set. We built a 

model for each hydrometric station and 25 forecasting steps for a total of 200 models considering the eight 

sub-basins modelled. The forecasting steps are one every hour from 0 to 24 hours. 

 

Figure 5.5. Architecture of the deep learning model used in this study, based on the use of the LSTM node.  

5.2 Results 

We evaluated the accuracy and precision of the models by analyzing the model errors when predicting the 

maximum effects. For each station, Figure 5.6 shows the prediction accuracy of the 30 highest events 

occurred in 2019 and 2020, highlighting the absolute error, i.e., the difference between the predicted value 

and the observed value. We also computed the relative error by dividing the absolute error by the measured 

value. We partitioned the results into four groups: 0-6 h, 7-12 h, 13-18 h and 19-24 h. In all cases, we can 

observe that the longer the forecast time, the greater were the errors. Furthermore, the percentage errors were 

higher for the upstream than for the downstream stations (Figure 5.6). 
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Figure 5.6. Absolute and relative model errors for the 30 most severe events occurred between 2019 and 2020 (test 

dataset). In absolute error graphs, the dotted lines mark the range between -0.5 and +0.5m.  In relative error graphs, the 

dotted lines mark the range between -0.1 and +0.1. The boxes represent the interval between the 25th and the 75th 

percentiles (Q1 and Q3). IQR  is the interquartile range Q3-Q1. The upper whisker will extend to the last datum lower 

than Q3 + 1.5*IQR. Similarly, the lower whisker will reach the first datum higher than Q1 – 1.5*IQR.  The green lines 

represent the medians (after Luppichini et al., 2022, modified). 

Figure 5.7 and Figure 5.8 show two events occurred on 3rd March 2020 and 17th November 2019, 

respectively, and representing examples of the behaviour of the Arno River during flooding episodes. Both 

events triggered a flood warning and the exceeding of the alert thresholds for the whole course of the river. 

Specifically, the event of 17th November 2019 is of considerable importance: in the 10-year time series used 

to train the model, there is only one other case similar to that of 17th November 2019 (see Figure 5.8). The 

rainfall (ca 40 mm) fell from 2020-03-02 06:00 to 2020-03-04 00:00 on the basin of San Giovanni alla Vena. 

Instead, the event of 17th November 2019 was characterized by ca 65 mm of rainfall that fell on the same 

basin from 2019-11-16 12:00 to 2019-11-17 12:00. For this reason, we can consider the two cases as 

representative of an ordinary alert event (3rd March 2020, Figure 5.7) and an exceptional alert event (17th 

November 2019, Figure 5.8).  
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The figures show a first prediction (blue line), which started when the rainfall over the entire Arno River 

basin began to increase. The subsequent forecasts were temporally spaced 6 hours from each other. Each 

prevision lasted for 24 hours after the start. Prediction errors mainly depend on two factors: the location of 

the hydrometric stations, and the time interval between the start of the forecast and the instant of time when 

the level reaches its maximum value. The simulations carried out just before the onset of the rainfall event 

(blue line) or before the maximum values of cumulative rainfall on the river basin are characterized by the 

higher errors, with an impossibility for the model to simulate the flow event (Figure 5.7 and Figure 5.8). The 

errors are lower for the simulation temporally close to the maximum flow event. When comparing Figure 5.7 

and Figure 5.8, the errors are higher in the second case, when the hydrometric heights of the river are greater. 

 

Figure 5.7. Simulation of the  3rd March 2020 event, where the hydrometric level exceeded the alert threshold in all 

stations. The first forecast (red line) begins when the rainfall on the Arno river basin increases. Subsequent predictions 

are temporally spaced 6 hours one from the other, each lasting 24 hours. The coloured triangles on the time axis indicate 

the start of each prediction. The grey bars indicate rainfall (after Luppichini et al., 2022, modified). 
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Figure 5.8. Simulation of the 17th November 2019 severe event, where the hydrometric level exceeded the alert 

threshold in all stations. The first forecast (red line) begins when the rainfall on the Arno river basin increases. 

Subsequent predictions are temporally spaced 6 hours from each other, each lasting for 24 hours. The coloured triangles 

on the time axis indicate the start of each prediction. The grey bars indicate rainfall (after Luppichini et al., 2022, 

modified). 

5.3 Discussion 

As a result of the high frequency of data sampling (15 minutes), we obtained a large amount of data, 

which allowed for efficient model learning. Model errors are influenced by the forecasting time and by the 

location of the hydrometric stations. The forecasts for the hydrometric stations located at higher mean 

elevation exhibit the highest errors. Prediction with more than 7-12 hours for this type of basin is difficult, 

and is characterized by high errors. The problem is reasonably due to the shorter run-off time typical of these 

basins. The time interval between maximum rainfall event and maximum hydrometric height is obviously 

variable for the analyzed stations and it characterizes the different sub-basins. The shortest interval is 
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associated with Subbiano (average of 13 hrs), the longest is attributable to S. Giovanni alla Vena (average of 

23 hrs). Run-off times influence the capacity of the model to achieve a good prediction of the flow events.  

Deep learning models are the simplest ones relatively to the data to be used and they show large 

flexibility at different basin scales. Their main advantage is the dynamics simplification of a run-off process 

by using only rainfall and hydrometric data. On the other hand, physically-based models require large 

amounts of different data that are sometimes very difficult to find or do not have a sufficient resolution and 

need specific assumptions. For example, a very low topographic resolution can cause a high error when 

applying a physical model (Luppichini et al., 2019) so that specific surveys are necessary. The few types of 

data necessary to create a deep learning model allowed us to apply it in different environmental situations. 

These flow forecasts are valid for the entire Arno River, from its origin to the position just before its mouth. 

Therefore, we think these models could be applied to watercourses with different hydraulic behaviour. For 

these basins, it would be useful to compare our errors with those obtained by Ercolani and Castelli (2017) 

which used the hydrological model MOBIDIC (MOdello di Bilancio Idrologico DIstribuito e Continuo). 

MOBIDIC is a physically-based model used by the Tuscany Region authorities for the analysis of flood 

alarms (Ercolani and Castelli, 2017).  Even in the case of the physical model, errors are higher in basins with 

shorter run-off times (e.g., Subbiano and Nave di Rosano stations) and they diminish for larger basins. In that 

specific case, the model tends to overestimate the water flow when the warning time is several hours (greater 

than about 12 hours from the maximum event) (Ercolani and Castelli, 2017). Instead, the deep learning 

models underestimate the hydrometric heights even with high errors when the simulation is performed before 

the rain falls on the basin. These models do not provide any specific information helping to understand when 

rainfall will start and before this time, the rain is constantly equal to 0. Once the rainfall starts, our model can 

predict the hyetograph and understand how the hydraulic regime will evolve. The rainfall onset is a critical 

point in a flood warning system based on deep learning techniques. The forecast rainfall data can be made 

useful by implementing the classical techniques (physical models, analysis of satellite images, etc.), which 

can help these models overcome the current limits of these methods.  

The deep run-off learning models need to use all the input stations for prediction, and this could be one of 

the main drawbacks of these techniques. In real conditions, one (or more) stations might not be working 

during a specific flood event, making a good prediction of the future flow height impossible. In cases like 
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those of our study area, where the monitoring network is quite dense, this drawback is overcome by creating 

several models based on the use of different stations. We could apply the naivest procedure by inserting the 

missing values of an unworking station with 0 mm (rainfall) or 0 m (hydrometric height). However, in 

theory, this procedure might introduce greater errors in the flood events simulation, and we could test this by 

changing the input data of random groups of stations with values all equal to 0, simulating the case of the 

missing values for the event of S. Giovanni alla Vena station. We made a simulation as if 5, 50 and 95% of 

the rainfall and hydrometric stations used in the model for San Giovanni alla Vena were missing. These 

percentages correspond to 2 non-working stations, 22 non-working stations and 42 non-working stations 

respectively. For each of the three tests, we simulated the predictions from 0 to 24 hrs with a step of 1 h. We 

repeated these simulations 10 times changing the random group of stations each time. 

We calculated these errors on the 30 highest events that occurred in 2019 and 2020 (test dataset). The 30 

events used to calculate the variations had a hydrometric height between 1.40 and 6.90 m. We computed the 

percentage variation as follows: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 =
𝑦𝑖̅ − 𝑦𝑖

𝑚𝑖

 ∙ 100 
(14) 

where 𝑦𝑖 is the absolute error calculated on the difference between the measured hydrometric heights 

(𝑚𝑖) and the predicted hydrometric heights estimated by using the real dataset; 𝑦𝑖̅ is the absolute error 

computed by using the dataset with the simulation of missing values.  The absolute errors (𝑦𝑖̅ and 𝑦𝑖) are 

calculated as follows: 

𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑒𝑟𝑟𝑜𝑟 = 𝑚𝑠𝑖𝑚 − 𝑚𝑜𝑏 (15) 

where 𝑚𝑠𝑖𝑚 is the result of the model and 𝑚𝑜𝑏 is the observed measure. By merging equation 1 and 

equation 2, we can write the percentage variation as follows: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 =
𝑚𝑖

𝑠̅̅ ̅̅ − 𝑚𝑖
𝑠

𝑚𝑖

 ∙ 100 
(16) 

where 𝑚𝑖
𝑠̅̅ ̅̅  is the result of the model with the dataset modified with the missing value and 𝑚𝑖

𝑠 is the result 

of the model with the original dataset. A reduction in percentage variation indicates a greater 

underestimation of the flow level compared to models with the data available. The percentage variation is 

influenced by the number of non-working stations (Figure 5.9). With 5% of non-working stations, the model 

errors increase by less than 5% for each time of prediction. A 5% underestimation corresponds to a variation 
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of the estimated hydrometric height of about 0.07 – 0.35 m. When the number of non-working stations is 

95%, the model errors increase with an underestimation of the flow level that varies with the forecast time. 

The worst cases are for the greater forecast times with errors even higher than 20% (Figure 5.9). A variation 

of 20% corresponds to a variation of the estimated hydrometric height of about 0.28 – 1.48 m. This test 

allows us to observe how models can experience small increases in error when the number of non-working 

stations is small, but also that these errors increase greatly when the number of non-functioning stations 

increases significantly. In physical models, a precipitation estimate can be given by one group of stations 

rather than another, with results that in most cases are not significantly different. In deep learning models, 

which are data-driven, each station acquires greater importance and its correct management and maintenance 

have a greater influence on the final results of the models. For the applicability of these models in alert 

systems for territorial management bodies, proper maintenance and management of the monitoring stations 

are necessary for correct flow modeling. 
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Figure 5.9. Percentage variation in the absolute error estimate of the San Giovanni alla Vena station if we consider the 

30 most serious events of 2019 and 2020 by simulating a variable number of non-working stations. The box indicates 

the range between the 25th and 75th percentiles (Q1 and Q3). IQR is the Q3-Q1 interquartile range. The upper whisker 

will extend to the last data lower than Q3 + 1.5  IQR. Likewise, the lower whisker will reach the first datum greater than 

Q1 - 1.5  IQR. The red lines represent the medians and the blue points represent the means (after Luppichini et al., 

2022, modified).
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6 Conclusions 

This study allows us to understand the effects of the current global warming on the rainfall regime in an 

important area of the Mediterranean. The work permits us to understand the influences of the climate 

changes on two important different environments in the study area: the coastal environment and the fluvial 

environment.  

Climatologically, this study helps to gain a better knowledge of the rainfall trends of the last 70 years in 

Tuscany, a key area of the Mediterranean Basin strongly influenced by the cyclogenetic activity related to 

the Genoa Gulf Low. These trends are analyzed on the basis of the trend of the main atmospheric drivers of 

the northern hemisphere. The location of the study area allows to understand the influences of Atlantic 

atmospheric circulation and of the Mediterranean atmospheric circulation on rainfall. The rainfall amount is 

influenced by Northern Atlantic atmospheric circulation and by the Genoa Gulf Low. The influences of the 

two atmospheric systems vary during the year: in winter, rainfall is strongly correlated to the three indices; in 

spring, the main influence is represented by WeMO, indicating an important role played by the Genoa Gulf 

Low; in summer, the main driver is EA, which better represents the influence of the Azores High in this 

season than NAO; in autumn, the strongest correlation is with NAO. 

The amount of rainfall in the study area is influenced by the SSTs which induce a variation in the 

Northern Atlantic and Mediterranean atmospheric circulations (Börgel et al., 2020; Frankignoul et al., 2003; 

Robertson et al., 2000; Visbeck et al., 2001). Current global warming determines an increase in the SSTs and 

this increase is higher in the warm seasons of the year (James et al., 2006). The results of this study show 

that in these seasons there is the greatest reduction of water availability, on account of a direct decrease in 

precipitation. For this reason, current global warming could be responsible for less rainfall in this area, and 

this occurs mainly in the warm seasons when temperature increase is highest.  

On the other hand, this work investigates the relationship between temperature and rainfall highlighting 

global warming does not influence only the long-term rainfall regime but also the frequency of EPEs on the 

study area in agreement with several works (e.g., Busuioc et al., 2016; Chernokulsky et al., 2019; Formayer 

and Fritz, 2017; Lenderink and van Meijgaard, 2010; Pumo et al., 2018). An increase in temperature can also 

induce an increase in the extreme rainfall during the wet and dry seasons and considering different rain 

accumulation periods. Furthermore, the dry season seems to be subjected to an extremization of the rainfall 
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regimes with a decrease in the most frequent, the lowest rainfall events especially for the highest 

accumulation periods, and with an increase in the fastest and most intense rain events.  This climatological 

study highlights the necessary to induce a variation of the territory management to mitigate the most 

intensive rainfall events and the drought periods.  

The results on a possible increase of the EPEs linked to the global warming induce to investigate on new 

and efficient methods for the river flow prediction. This study demonstrates that deep learning models can be 

a practicable alternative to physically-based models for the forecast of flood events in basins characterized 

by short run-off times. The study developed deep learning models based on the LSTM network for the Arno 

River, one of the most important and critical Italian rivers, by using eight hydrometric stations. Unlike 

physically-based models, these approaches offer the advantage of using only few types of data. This feature 

reduces model influences resulting from the accessibility of required information, which for some 

watersheds can be very difficult to obtain. This advantage makes it possible to create flood warning systems 

in situations where hydrographic and hydrogeological knowledge is very poor, making it very difficult to 

obtain additional information. Conversely, these methodologies can be applied in very complex geological 

and geomorphological situations (i.e., karst systems, steep slopes) where, despite the considerable knowledge 

of the territory, it is still impossible to build satisfactory physical models. Our case study falls precisely in 

this case. The Arno River basin was much studied in the past, and, in Italy, it is probably one of the most 

studied together with the Po, Tiber, and Serchio rivers. The alert model we devised can be applied to 

different watercourses without having to deal with the study of the physics of the process. This makes 

possible to create a monitoring network for the simulation of the secondary channels as well. 

However, this advantage can become a disadvantage if the time series is unreliable on account to the poor 

management of the station. Variations in the river section or a displacement of the measuring station can 

cause an inconsistency within the data that prevents these models from functioning correctly. This method 

allowed to obtain good results by exploiting an LSTM-based architecture. The errors in notification times 

found in this study are fully comparable with those obtained by other authors who used established physical 

models (Ercolani and Castelli, 2017). This comparison proved that our models are a valid tool compatible 

with others already used for flood forecasting. The greatest limit of our model is certainly the lack of 

information on precipitation falling on the basin until the time of the forecast. If the forecast is issued before 
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it starts raining in the basin, the model cannot predict the flood event. We think that future studies will 

improve these models by using precipitation forecast information extracted through artificial intelligence or 

physics-based techniques (physic-mathematical models, satellite image analysis). The inclusion of these 

techniques in the development of deep learning models can improve the prediction of a flood event. 

Global warming can influence the evolution of the territory and the coastal areas are particularly sensitive 

to it. In the Pisa coastal plain, coastal erosion at the end of the nineteenth century increased according to this 

study, in particular after the 1950s, at the end of the 1970s and around 2012. After 2012 there is a slight 

decrease in the erosion rate, which reaches the same values observed at the beginning of the nineteenth 

century. On the basis of the erosion rate and the remote sensing analyses on sediment dispersion, we can 

state that the particular shape of the jetty and of other engineering defenses at the mouth of the Arno River 

favors the dispersion offshore of the sediments carried by the watercourse and determines the formation of 

shaded areas in longshore sediment distribution. Despite the construction of several engineering defenses, 

particularly active erosional trends still appear in two coastal areas (in front of the small town of Marina di 

Pisa in the southern sector and between the locations of Lame della Gelosia and il Gombo in the northern 

sector). Erosion is particularly evident in the first location, while it has been countered by numerous, 

repeated, impacting and expensive engineering interventions for coastal protection in the second one. The 

fluvial discharge data of the Arno River highlight a discharge decrease that roughly matches the periods that 

correspond to an increase in erosion. On the other hand, the increase in the flow rate recorded in the last 

decade can be considered a key element for a reduction in the overall erosion rate recorded in this last period. 

This correlation is particularly true if we take into account flood events with a value of discharge greater than 

700 m3/s, which are those able to transport suspended sand. The amount of sediment transported by the 

watercourse has increased in recent years and could certainly counter erosion more effectively if it was 

possible to reduce the amount of sediment dispersed offshore. Furthermore, it would be important that the 

sediments were distributed more uniformly longshore, so as to avoid the formation of shadow areas in the 

distribution of the sedimentary load transported by the watercourse. Although modest, the changes of the 

erosive trend that have been observed in the last eight years represent an important signal for the 

development of this territory. It will be necessary to monitor this coastal stretch with DGPS at high temporal 

resolution in order to understand whether this documented decrease will continue over time. 
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Future sporadic measurements of the solid load conducted near the river mouth during flood events could 

allow to calibrate the satellite observations (plume amplitude versus measured solid load data) to derive the 

solid load data directly from the study of satellite images, with considerable saving of time and money. A 

similar integrated approach could be easily used in other contexts affected by coastal erosion, where a 

holistic approach of this type could help identify unclear causes of erosion and support future development 

of these sensitive areas. Given this need, this work wanted to propose a new method of shoreline 

identification based on the use of drones. The method is a valid alternative to the classical methods of 

shoreline identification based on topography. This method makes it possible to obtain shorelines using the 

topography obtained from UAV images; it is a novelty compared to other uses of DEMs obtained from UAV 

images present in literature. This approach is innovative and could also be a valid alternative to the methods 

based on manual identification or on remote-sensing image colors. In this respect, it is very difficult to 

compare differently-derived shorelines when the errors are about 1–2 m. When we compare the use of 

satellite images and DGPS, identification of the error between the two methods is simpler than when we 

compare the DGPS-derived shoreline with UAV-derived images. This happens because the error of DGPS 

points to extract the shoreline is negligible compared to the errors that occur when using satellite images with 

a pixel size of about 10 meters. However, when we compare DGPS-derived shorelines with UAV-derived 

images, all the errors are of the same order of magnitude. This work has shown that in some cases the DGPS-

derived shoreline is better than the UAV-derived shoreline, but in the same number of cases, the roles are 

reversed. Therefore, it is very difficult to determine the best method by a simple comparison of the errors. 

However, this new method has two main advantages regarding the use of DGPS points. The first one is the  

time needed to obtain a stretch of coast: a UAV takes less than a DGPS. To sample 4.5 km of coastline with 

UAV, we took about 3 hours while with the DPGS, we took about 6 hours. The second advantage is that the 

position of the transects used to reconstruct the shoreline can be decided after sampling and not during 

acquisition of the DGPS points.   

In conclusion, this PhD work demonstrates that a multidisciplinary approach is essential to face the future 

challenges that global warming will reserve for us both in terms of scientific research and correct and 

effective territorial management. This PhD work did not want to highlight any repercussions of global 

warming on the territory but wanted, above all, to tackle the next step of the research, trying to provide valid 



 

100 

tools useful for territorial management. Public administrations and research institutions will be able to use, 

and even improve, the tools developed in this thesis and this may have a close social and scientific impact. 

For example, the shoreline sampling tool can be used by public administrations which, having a guided and 

standardized procedure, will be able to carry out more objective and scientifically based measurements. 

On the other hand, the tool based on artificial intelligence models for forecasting flood events could be the 

object of an application for the territorial entities of the study area of this thesis but also a basis on which to 

develop future algorithms for other territorial realities. 

The future use of the tools will be able to highlight potential and critical issues leading to the future 

development of them and new scientific investigations. 
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