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Abstract: 

Salt marshes are important ecosystems, providing vital ecosystem services, but at the same time 

they are among the most fragile landscapes in the world. Halophytic vegetation is of critical 

importance in supporting marsh survival through complex eco-morphodynamic feedbacks. 

Analyzing the role of halophytic vegetation in biogeomorphic processes on salt marshes is a key 

step to understand and predict their morphodynamic evolution. Towards this goal, using both field 

data and remote sensing observations, we have analyzed changes in marsh vegetation distribution 

both in the vertical and horizontal frames, between 2000 and 2019, for the San Felice salt marsh (in 

the Venice Lagoon, Italy). Our main results suggest that: i) the previously reported vegetation-

elevation relationship (e.g., halophytic vegetation species encroach specific elevation ranges, i. e., 

ecological niches, displaying a species sequence with increasing elevations) is found to be reliable 

and consistent at the whole marsh scale and, most importantly, over a period of 20 years. This is 

suggested to be a signature of vegetation resilience to changes in the forcings. ii) Although all marsh 

sites increased their absolute elevations with site-specific rates, marsh elevations relative to the 

current relative mean sea level (RMSL) decreased in time, indicating the possible drowning of the 

marsh. This indicates the need to consider local marsh elevations referenced to RMSL when 

monitoring marsh surface evolution and response to changes in the environmental forcings. iii) 

Halophytic vegetation species modified the elevation at which they populate the marsh platform 

with site- and species-specific trends in response to the increase in RMSL. iv) The proposed 

Random Forest Soft Classification algorithm developed for vegetation classification is accurate and 

allows one to analyze vegetation dynamics in space and time. We note that Spartina and Salicornia 

are more likely to be replaced by bare soil, whereas Limonium and Sarcocornia tend to encroach 

unvegetated areas, and the transitions among different species or between vegetated and unvegetated 

spots are widely observed over the marsh, indicating that eco-geomorphic patterns are highly 

dynamic and site-specific. v) The newly developed Random Forest Regression algorithm for the 

analysis of Lidar data is reliable to construct lidar-derived DEMs over the marsh with high accuracy. 

This represents an important tool to monitor marsh eco-geomorphic patterns, furthermore providing 

means to inform and test eco-geomorphic models. vi) The coupling of the corrected lidar-derived 

DEM and remotely sensed vegetation maps suggests that the vegetation-elevation relationship is 

also consistent at the whole marsh scale. vii) Finally, we also realized that marsh vegetation can 

quickly balance the loss in the above-ground biomass (AGB) caused by a dieback event of Spartina 

through the eco-morphodynamic feedbacks. 

Our results are of critical importance for further eco-morphodynamic analyses, especially in the 

case of marshes encroached by multiple halophytic vegetation species. In addition, we also suggest 

that the application of different types of remote sensing data is a useful tool to analyze eco-

morphodynamic processes over the marsh. 
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Sommario: 

Le barene sono ecosistemi di grande importanza che forniscono servizi ecosistemici vitali, ma allo 

stesso tempo sono tra gli ambienti più fragili al mondo. La vegetazione alofila svolge un ruolo 

fondamentale nel sostenere la sopravvivenza delle barene attraverso complessi feedback eco-

morfodinamici. L'analisi del ruolo della vegetazione nei processi bio-geomorfologici sulle barene è 

un passaggio fondamentale per comprendere e prevedere la loro evoluzione morfodinamica.  

A tal fine, utilizzando sia dati di campo che dati telerilevati, abbiamo analizzato i cambiamenti nella 

distribuzione della vegetazione alofila sia nel piano verticale che orizzontale, tra il 2000 e il 2019, 

per la barena di San Felice (nella Laguna di Venezia, Italia).  

I risultati principali dello studio suggeriscono che: i) la relazione tra vegetazione e quota, 

precedentemente riportata da altri autori (ad es., specie alofite diverse popolano specifici intervalli 

di quota, cioè nicchie ecologiche, che mostrano una sequenza di specie a quote crescenti) è risultata 

affidabile e coerente a scala di barena e, soprattutto, per un periodo di 20 anni. Si suggerisce che 

questo sia un segno della resilienza della vegetazione ai cambiamenti delle forzanti; ii) sebbene 

diversi siti sulla superficie di barena abbiano aumentato la loro quota assoluta con tassi diversi, le 

quote delle barene rispetto all'attuale livello medio relativo del mare (LMRM) sono diminuite nel 

tempo, indicando la possibile sommersione della barena. Ciò suggerisce la necessità di considerare 

le quote locali delle barene riferite al LMRM per monitorare l’evoluzione della superficie di barena 

e la risposta ai cambiamenti delle forzanti ambientale; iii) le specie alofile hanno modificato la quota 

alla quale popolano la barena con andamenti sito e specie specifici in risposta all'aumento del 

LMRM; iv) l’algoritmo di Random Forest Soft Classification sviluppato per la classificazione della 

vegetazione, si è dimostrato accurato, consentendo di analizzare la dinamica della vegetazione nello 

spazio e nel tempo. Spartina e Salicornia hanno maggiori probabilità di essere sostituite da suolo 

nudo, mentre Limonium e Sarcocornia tendono a invadere le aree prive di vegetazione, e le 

transizioni tra specie diverse o tra zone vegetate e non vegetate sono ampiamente osservate sulla 

barena, indicando che i modelli eco-geomorfici sono altamente dinamici e sito specifici; v) il nuovo 

algoritmo Random Forest Regression per l'analisi dei dati Lidar è affidabile per costruire DEM 

derivati dal lidar sulle barene con elevata precisione, rappresentando uno strumento importante per 

monitorare i processi eco-geomorfologici di barena, fornendo inoltre mezzi per informare e testare 

modelli eco-geomorfologici; vi) L'accoppiamento tra il DEM derivato dal lidar e le mappe della 

vegetazione telerilevate suggerisce che la relazione vegetazione-elevazione è coerente anche a scala 

di barena. vii) Infine, le analisi evidenziano che la vegetazione di barena può bilanciare rapidamente 

la perdita di biomassa superficiale causata die back della Spartina attraverso i feedback eco-

morfodinamici.  

 

Tutti questi risultati sono di grande importanza per ulteriori analisi eco-morfodinamiche, soprattutto 

nel caso di barene popolate da molteplici specie di vegetazione alofila. Inoltre, suggeriamo anche 
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che l'applicazione di diversi tipi di dati telerilevati sia uno strumento utile per analizzare i processi 

eco-morfodinamici sulle barene. 
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Chapter 1: INTRODUCTION 

1.1 OVERVIEW 

This study mainly explores marsh eco-morphodynamic processes through the analysis of salt-marsh 

vegetation elevation and vertical and spatial distribution patterns. Salt-marsh eco-morphodynamic 5 

processes and feedbacks are agreed to be a key factor controlling marsh development, survival, and 

resilience to climate changes and human pressures. These processes are crucially controlled by the 

presence of vegetation, whose dynamics is strongly intertwined with the dynamics of marsh 

topography. Indeed, halophytic vegetation influences marsh erosional and depositional patterns, 

thus controlling the marsh surface evolution and survival (Bouma et al., 2005; Fagherazzi et al., 10 

2020; Kirwan et al., 2016; Kirwan and Murray, 2007; Langston et al., 2020; Marani et al., 2013; 

Morris et al., 2002; Mudd et al., 2010, 2009; Roner et al., 2016; Silvestri et al., 2005; Temmerman 

et al., 2003; Yousefi Lalimi et al., 2020, 2017). Therefore, improving our current knowledge of 

halophytic vegetation distribution and temporal dynamics, coupled with the dynamics of marsh 

platform elevations, is of critical importance to understand marsh eco-morphodynamic feedbacks. 15 

Towards the goal of better understanding marsh vegetation eco-morphodynamic processes, 

vegetation distribution and changes are analyzed through remote sensing observations and field 

campaigns. The vertical distribution of halophytic vegetation, represented by the known vegetation-

elevation relationship (i.e., each species tends to encroach specific elevation ranges, resulting in the 

observation of a species sequence with increasing elevations), was first analyzed at both the local 20 

and whole marsh scales. Temporal changes in this relationship were explored through the analysis 

of a unique dataset including accurate vegetation-elevation in-situ measurements in different years. 

The vegetation-elevation relationship was then analyzed at the whole marsh scale by coupling the 

lidar and multi-spectral remote sensing data. Finally, the marsh eco-morphodynamic processes were 

explored through the analysis of vegetation spatial changes by the application of a newly developed 25 

species-classification method to a series of multi-spectral data. This work was mainly carried out in 

the San Felice marsh (in the Venice lagoon, Italy) as a study case. Although we have tailored our 

analyses to the case of the Venice Lagoon, as a mirror of what climate change and human 

interferences have in store for coastal landforms of the future, the results and conclusions from this 

study would be of great value to improve our current knowledge of the ecological and 30 

geomorphological processes over marsh platforms in different contexts. 

Keywords: eco-morphodynamics; salt marshes; halophytic vegetation; remote sensing  
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1.2 STATE OF THE ART 

Tidal landscapes are transition zones between marine and terrestrial systems. They can be divided 

into three main sub-environments (Figure 1.1): channel networks, salt marshes and tidal flats. In 35 

specific, channel networks cut through salt marshes, forming the main paths for the exchange of 

water, sediments, nutrients and energy between marshes and open water (Marani et al., 2003a; 

Moffett et al., 2010; Ursino et al., 2004; Xin et al., 2013). Tidal flats are located between mean sea 

level (MSL) and mean low water level (MLWL), acting as the nursery of seagrass (Donatelli et al., 

2018; McLeod et al., 2011). Finally, salt marshes, located in areas with elevations higher than MSL 40 

but lower than the mean high water level (MHWL) (Allen, 1995; Anisfeld et al., 2017; Bockelmann 

et al., 2002), are the main habitats of halophytic vegetation (Allen, 2000; Marani et al., 2010a, 2004; 

Watson and Byrne, 2009). 

 

Figure 1. 1: An example of sub-environments of the tidal landscape. 45 

Salt marshes are of critical importance for the ecological and geomorphological processes acting in 

tidal landscapes (Callaghan et al., 2010; D’Alpaos et al., 2007b; Kirwan and Mudd, 2012; Koppel 

et al., 2005; Osland et al., 2014; Taramelli et al., 2021; Vittori Antisari et al., 2017; Zhao et al., 

2019). Salt marshes provide valuable ecosystem services. They host high primary production and 

serve as nursery areas for fish (Erickson et al., 2007; Ghosh et al., 2016; Morris, 1990; Scarton et 50 

al., 2002), improve water quality by filtering nutrients and pollutants (Stefanon et al., 2012), prevent 

coastal areas from waves and storms (Möller et al., 2014; Möller and Spencer, 2002; Rupprecht et 
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al., 2017), and also serve as important global carbon sinks (Erickson et al., 2007; Ghosh et al., 2016; 

Kulawardhana et al., 2014; Mudd et al., 2009; Mueller et al., 2016; Negrin et al., 2015). 

Unfortunately, salt marshes are disappearing fast in the last centuries, because of the accelerating 55 

relative sea-level rise (RSLR), reduction in sediment availability, lateral erosion caused by waves, 

and increasing human interferences (Marani et al., 2011a, 2010a; Schulze et al., 2021; Silvestri et 

al., 2018; Tommasini et al., 2019; Volpe et al., 2011a).   

Marsh vulnerability in the vertical plane is mainly controlled by the balance between marsh 

accretion and relative sea level rise (RSLR), which has become an urgent issue in recent decades, 60 

because the rate of RSLR in the 21st century has been predicted to be higher than in previous 

centuries (Donnelly et al., 2004; Kirwan et al., 2010; Nicholls and Cazenave, 2010). Marsh accretion 

rate (Racc) is partially controlled by local topography, i.e., lower elevations have a higher probability 

to be inundated and therefore receive more sediments delivered by tides (D’Alpaos et al., 2011, 

2007b; Kirwan and Murray, 2007; Temmerman et al., 2003b). Marsh accretion rates are also 65 

controlled by the channel networks. Indeed, Racc generally decreases with distance from channels to 

the inner marsh portions, due to the fact that sediment concentration is reduced towards the inner 

marsh portions (D'Alpaos et al., 2007; Temmerman et al., 2003a, 2003b). 

Halophytic vegetation species, the plants that grow in salty and periodically inundated environments 

(Li et al., 2008; Pennings and Moore, 2001; Watson and Byrne, 2009), largely control marsh 70 

erosional and depositional patterns, due to their ability to directly trap sediment (Bouma et al., 2010; 

Fagherazzi et al., 2012; Mudd et al., 2010), attenuate waves (Koftis et al., 2013; van Veelen et al., 

2020), and control sediment resuspension (D’Alpaos et al., 2013; Green and Coco, 2014). Besides 

their effects on hydrological forcings, halophytic vegetation species also influences marsh survival 

through the species-specific productivity and decomposition rates (Curcó et al., 2002; Hemminga 75 

and Buth, 1991; Kirwan et al., 2013; Kirwan and Mudd, 2012; Liao et al., 2008; Mudd et al., 2009; 

Mueller et al., 2016; Negrin et al., 2015; Pozo and Colino, 1992). It clearly emerges that a better 

knowledge of halophytic vegetation distribution and dynamics, intertwined with marsh elevation 

patterns and dynamics, is of central importance to improve the current understanding of marsh eco-

morphodynamics and evolution.  80 

Halophytic vegetation is organized by sharply defined patches composed of single species or typical 

species associations, i.e., so-called zonation patterns, which are the net result of edaphic conditions 

(Álvarez Rogel et al., 2001; Anisfeld et al., 2017; Fariña et al., 2018; Steven C Pennings and 

Callaway, 1992), species-competition (Bertness and Ewanchuk, 2002; Engels et al., 2011; Pennings 

et al., 2003), and the capability of halophytes to engineer salt-marsh landscapes via bio-geomorphic 85 

feedbacks (Da Lio et al., 2013; Marani et al., 2013). It should be recalled that the halophytic 

vegetation distribution is strongly linked to the marsh morphology (Silvestri et al., 2003), i.e., each 

species lives within typical elevation ranges (ecological niches), constituting a species sequence in 
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the vertical frame. Such sequences have currently been reported in many marshes worldwide 

(Granse et al., 2021; Hladik et al., 2013; Janousek et al., 2019; Silvestri et al., 2005). In addition, 90 

the vegetation-elevation relationship has become an important ingredient to set up models focused 

on marsh evolution considering landscapes encroached by multiple species (D’Alpaos and Marani, 

2016; Da Lio et al., 2013; Feagin et al., 2010; Marani et al., 2013; Morris, 2006). 

Increasing rates of relative sea level rise (RSLR) can directly increase flooding and ultimately 

intensify physical stress (Donnelly and Bertness, 2002; Janousek et al., 2016; Steven C. Pennings 95 

et al., 2005; van Dobben et al., 2022; Visser et al., 2003), thus possibly leading the species occupying 

lower marsh portions to migrate to higher marsh areas and substitute higher species (Anisfeld et al., 

2017; Donnelly and Bertness, 2002; Qi et al., 2021; Schieder et al., 2018; Stralberg et al., 2011). 

However, vegetation migration and inter-specific replacements are strongly species- and site-

specific, because they are controlled by physiological adjustments (Alber et al., 2008; Janousek et 100 

al., 2016, 2020; Pellegrini et al., 2020a, 2018a, 2017; Strain et al., 2017; Vittori Antisari et al., 2017) 

and inter-specific activities (Huckle et al., 2000; Pennings et al., 2003; Pennings and Callaway, 

1996; Pennings and Moore, 2001). The determination of how typical species change their preferable 

elevation ranges in response to RSLR in the marsh landscapes is crucial to understand community 

changes and marsh evolutions, but it has seldom been explored (Anisfeld et al., 2017; Donnelly and 105 

Bertness, 2002; Langston et al., 2020; Wasson et al., 2013). Our analyses address this important 

issue. The main goal of this Ph.D. thesis is to contribute to filling this gap through the analysis of a 

dataset recording changes in marsh surface elevations conditioned by the appearance of different 

species in different years to test the stability of the vegetation-elevation relationship over a period 

of about 20 years.  110 

The available documented vegetation sequences (Janousek et al., 2019; Marani et al., 2006a; Qi et 

al., 2018; Schoutens et al., 2020; Silvestri et al., 2005, 2003) are mainly obtained from in-situ field 

campaigns, i.e., marsh elevations and vegetation cover were measured and recorded at a limited 

number of sites, while whether this sequence can also be observed at the whole marsh scale is still 

unknown, because marsh surface elevation is not the only factor controlling vegetation distribution 115 

(Moffett and Gorelick, 2016; Sanderson et al., 2001; Zheng et al., 2016). The possibility to extend 

the observed species sequence at large spatial scales is challenged by the use of using in-situ 

measurements, because field campaigns involving a large number of field collections are labor-

intensive and time-consuming (O’Neil et al., 2018; Palubinskas, 2013; Tinkham et al., 2014). The 

latest remote sensing techniques represent an efficient tool to address this issue, because they can 120 

accurately record spectral and elevation information over large areas (Goodin et al., 2015; Moffett 

and Gorelick, 2013; Thenkabail et al., 2004). Thus, the suitable utilization of remote sensing data 

implies the possible opportunity to validate the in-situ measured vegetation-elevation relationship 

at the whole marsh scale. This is a crucial step to inform and test ecomorphodynamic models of 

marsh evolution. 125 
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It is worth emphasizing that vegetation distribution information over the marsh is a necessary input 

in the vegetation-elevation relationship extension. Taking advantage of the development and 

application of vegetation species classification methods, halophytic vegetation species have been 

mapped in the form of pixel-based (Belluco et al., 2006; Timm and McGarigal, 2012; Van Beijma 

et al., 2014) and object-based (Berhane et al., 2019; Fournier et al., 2007; Juel et al., 2015; Lantz 130 

and Wang, 2013; Moffett and Gorelick, 2013; Yeo et al., 2020) schemes. The majority of these 

schemes are mainly based on the traditional hard classification algorithms, which identify the 

dominant species or associations in each pixel. However, halophytic vegetation species are highly 

mixed at the scale of typical satellite sensor resolutions (Silvestri et al., 2003; Wang et al., 2007).  

Fractional abundance (FA), i.e., the fractional projection area of each species or bare soil, is a critical 135 

representer of halophytic vegetation distribution (Melville et al., 2019; Wang et al., 2007), which is 

strongly linked to the above- and below- ground biomass production (O’Connell et al., 2021; 

Roelfsema et al., 2014), marsh evolution and vulnerability (Fivash et al., 2021; Ganju et al., 2017). 

Yet, the number of studies focused on retrieving the FA of halophytic vegetation species or bare 

soil in each pixel is still limited (Reschke and Hüttich, 2014; Silvestri et al., 2003; Wang et al., 140 

2007). In addition, most of the available methods aiming at FA estimation are based on neural 

network algorithms (Costa et al., 2017; Wang et al., 2007), whose performance heavily depends on 

their interior design. Indeed, minor changes in the number of layers and neurons can significantly 

affect the final results and the accuracy, such that it is difficult to provide a general neural network 

architecture that can be easily applied in different environments furthermore populated by different 145 

species. Thus, the development of new methods to estimate FA of each halophytic species or bare 

soil is a critical step in this study.  

It is also worth recalling that the elevation data over the whole marsh are also necessary to extend 

the vegetation-elevation relationship to large spatial scales. Light Detection and Ranging (lidar) has 

a great potential as a useful tool to acquire accurate elevation data and construct digital elevation 150 

models (DEMs) for the whole marsh, because it has been widely used to estimate elevation in other 

landscapes (Gilmore et al., 2008a; Passalacqua et al., 2015; Sadro et al., 2007). However, the 

applications of lidar to marsh-DEM construction and the related vertical distribution analyses are 

challenged by the low accuracy and the narrow habitat elevation range of halophytic species 

(Buffington et al., 2016; Hladik et al., 2013; Hladik and Alber, 2012; Klemas, 2011). The 155 

inaccuracies of lidar over the marsh are mainly due to the poor laser penetrability through the 

halophytic vegetation (Klemas, 2011).  

To accurately construct lidar-derived DEMs of marsh surface, a large number of algorithms that are 

used for lidar error reduction have been proposed in recent decades (Buffington et al., 2016; 

Chassereau et al., 2011; Rogers et al., 2018; Schmid et al., 2011; Wang et al., 2009). For example, 160 

the minimum-bin gridding method (MBG) uses the lowest lidar return to change the size of the 
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moving window in order for the return to penetrate the vegetation canopy and reach the marsh 

surface. This method then uses some gridding schemes to generate the final DEM. The main 

shortcoming of this method is that it would lose a lot of point-cloud information, and the gridding 

process could cause some errors. Hladik and Alber (2012) developed a vegetation correction factor 165 

(VCF) method, e.g., correct lidar-derived DEM by the application of species-specific factors, but 

the high heterogeneity of halophyte organizations might limit its broad application to marsh 

landscapes populated by many species. Buffington et al., (2016) considered the NDVI as the main 

representer of halophyte biomass and structure thus linking these properties to the error of lidar (so-

called LEAN method). However, the large areas inundated by water over the marsh would prevent 170 

NDVI from conveying correct information on vegetation structure and biomass (Kearney et al., 

2009), further attenuating the accuracy of this method. 

Both VCF and LEAN methods indicate that the key step to construct an accurate lidar-derived DEM 

is to accurately estimate the vegetation biomass and composition. As mentioned before, the FA of 

each species and multi-spectral data-derived NDVI are important indicators of vegetation biomass 175 

and structure. There is a clear gap that might be filled by fully using accurate vegetation information 

to develop a new method to correct lidar-derived marsh surface elevation. Thus, in this study, we 

contributed to fill this gap by considering the FA of each species and NDVI in a nonparametric 

regression model (Random Forest regression, RFR) to correct lidar-derived DEM. 

Some authors have reported that channel networks also control the distribution of halophytic 180 

vegetation, by affecting edaphic conditions and sediment transport (Moffett et al., 2010; Sanderson 

et al., 2001, 2000, 1998; Ursino et al., 2004; Xin et al., 2013), while the relevant evidence in the 

literature is still lacking (Sun et al., 2020; Zheng et al., 2016). On the other hand, some in-situ 

observations suggest that the distribution of halophytic vegetation species is not strongly linked to 

channel network patterns (Silvestri et al., 2005), due to the fact that the observed effects of channel 185 

networks on edaphic conditions are limited to a narrow range (Ursino et al., 2004). It therefore 

emerges that the link between halophytic vegetation and channel networks is still unclear, calling 

for further evidence at the whole marsh scale. 

Changes in the halophytic vegetation spatial distribution also retain signatures of changes in the 

ecological and morphological processes over the marsh. In particular, vegetation species 190 

replacement at a given place suggests that the occurrence of changes in the local elevation referred 

to relative mean sea level (RMSL) (Kirwan and Gedan, 2019; Qi et al., 2021). Moreover, the 

transitions between vegetated configurations and bare soil are strongly linked to changes in marsh 

surface elevations (Donnelly and Bertness, 2002; Fivash et al., 2021; Qi et al., 2021) and edaphic 

chemical conditions (Alber et al., 2008; Kearney, 2015; Raposa et al., 2017) such that become 195 

important indicators of marsh health and survival. In addition, changes in the patch-size distribution 

of halophytic species also indicate variations in environmental conditions, although such 
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distributions are consistent with power laws (Marani et al., 2006a; Zhao et al., 2019) within a period 

of multiple years (Taramelli et al., 2018). The patch-size distribution has been characterized as an 

indicator of the self-organization processes of the salt-marsh ecosystem (Pascual et al., 2002; 200 

Scanlon et al., 2007; Schwarz et al., 2018; Taramelli et al., 2018, 2017, 2013; Weerman et al., 2012; 

Zhao et al., 2019), representing the physical stress and inter-specific feedbacks (Kéfi et al., 2007; 

Scanlon et al., 2007; Taramelli et al., 2021, 2013).  

Many previous analyses that focused on marsh vegetation spatial changes were mainly based on 

remote sensing images with coarse resolutions (O (10 m)) or on some vegetation indexes (such as 205 

NDVI) (Doughty et al., 2021; Givnish et al., 2008; Pan et al., 2018; Patil et al., 2015; Wei et al., 

2018; Wu et al., 2020). Due to the fact that halophytic vegetation species are highly mixed at the 

scales of these pixels, previous studies lost a lot of information on species replacement and 

associated environmental changes. Thus, the bio-geomorphic dynamics caused by the species 

replacement are more likely to be neglected. In addition, the presence of water on the marsh tends 210 

to increase the noise in the vegetation information induced from vegetation indexes (Kearney et al., 

2009). Moreover, the detection of vegetation self-organization processes through the analysis of 

patch-size distribution is seldomly documented (Taramelli et al., 2018), although it has been widely 

carried out in arid zones to analyze environmental changes (Kéfi et al., 2007; Lin et al., 2010; Pueyo, 

2011; Scanlon et al., 2007). Thus there is also a clear gap hindering one to analyze changes in 215 

halophytic vegetation spatial distribution to detect marsh eco-morphodynamic processes. We 

contribute to filling this gap by the application of the latest vegetation classification method to a 

temporal series of remote sensing data with high spatial resolutions (O (1 m)) to monitor variations 

in halophytic vegetation spatial distribution, thus further detecting changes in environmental 

forcing.  220 

The above-ground biomass (AGB), which is intrinsically related to the below-ground biomass 

(BGB) (Adam Langley et al., 2013; Curcó et al., 2002; Daleo et al., 2008; O’Connell et al., 2021; 

Penk et al., 2020), controls the marsh eco-morphodyanmic processes and survival (D’Alpaos et al., 

2011; Kirwan & Murray, 2007; Morris et al., 2002; Wu et al., 2020). However, the spatial 

distribution of the AGB over a typical marsh and its dynamics have seldomly been documented 225 

(Jensen et al., 2020). This issue could be addressed FA map of each species together with field 

observations (Roelfsema et al., 2014). Therefore, the final aim of this study is to detect the changes 

in AGB at the whole marsh scale to analyze eco-morphodynamic feedbacks. 

To address all the above recalled issues, we analyzed the link between halophytic species and marsh 

elevation over a wide range of spatial scales, from the local scale through in-situ measurements to 230 

the whole marsh scale, through the coupling of field surveys and remote sensing data. Vegetation 

vertical distribution and dynamics were mainly addressed through the analysis of a unique local 

elevation-vegetation dataset (including vegetation-elevation information measured at more than 
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2200 sites) dating back to 2000. The coupling of lidar data and vegetation classifications (obtained 

through a newly developed method) allowed us to extend the vegetation-elevation relationship from 235 

the local observations (O (m2)) to the whole marsh scale (O (km2)). Finally, temporal changes in 

vegetation spatial distribution and above-ground biomass were analyzed by coupling the application 

of the newly developed classification method to a series of remote sensing data and field observed 

AGB dataset. 

1.3 THE VENICE LAGOON & THE SAN FELICE MARSH 240 

The Venice lagoon (Fig 1.2a) is a typical example of a tidal landscape, which is shaped by the 

above-mentioned complex ecological, physical, and geomorphological processes together with the 

increasing human activities. 

The Venice lagoon is located in the north-eastern part of Italy, and has a waterbody of about 550 

km2, being the largest lagoon in the Mediterranean. The lagoon, characterized by a semidiurnal tide 245 

with an average tidal range of about 1.0 m and a maximum spring tidal range of approximately 1.5 

m, is connected to the Adriatic Sea through three inlets: Lido, Malamocco and Chioggia (Belluco et 

al., 2006; Day et al., 1998; Defina et al., 2007; Marani et al., 2006a, 2004; Roner et al., 2016; 

Silvestri et al., 2005). The marsh area in the Venice lagoon decreased significantly during the last 

centuries (Carniello et al., 2009) due to the decrease in the sediment availability, determined by the 250 

diversion of the main rivers into the sea in the XVI–XIX centuries (D’Alpaos, 2007), and to the 

lateral erosion, caused by wave attack (Allen, 1989; Bendoni et al., 2016).  
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Figure 1. 2: Research area. (a) is the map of the Venice lagoon, indicating the distribution of each 255 

sub-environment and the position of the San Felice marsh in the lagoon; (b) is the map of the San 

Felice marsh (the base map is IKONOS image acquired in 2006). 

This study is mainly carried out by considering the San Felice marsh as a study case (Fig 1.2b). The 

San Felice marsh is located in the northern lagoon at a short distance from the Lido inlet. This marsh 
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maintained its main characteristics, because of few human interventions, thus being considered as 260 

one of the most naturally preserved areas in the lagoon (Marani et al., 2006a; Roner et al., 2016).  

This marsh is mainly encroached by the following species: Salicornia veneta (hereafter 

“Salicornia”), Spartina maritima (hereafter “Spartina”), Limonium narbonense (hereafter 

“Limonium”), Sarcocornia fruticosa (hereafter “Sarcocornia”) and Juncus maritimus (hereafter 

“Juncus”) (Belluco et al., 2006; Marani et al., 2003b; Silvestri et al., 2005; Silvestri and Marani, 265 

2004; Taramelli et al., 2021; Wang et al., 2009, 2007). In specific, Salicornia (Fig. 1.3a) is an edible 

herbaceous succulent plant with a height of about 15 – 40 cm. Salicornia is an annual species and 

blooms in the late summer (July - October). Spartina (Fig. 1.3b) is a perennial herbaceous species 

with erect stems of about 30 - 70 cm high and creeping rhizomes. Limonium (Fig. 1.3c) has basal 

fleshy leaves in rosettes and a deep root system connected to a vertical rhizome storing carbohydrate 270 

reserves. It is a perennial species with a height of about 30 - 70 cm. Limonium has purple flowers 

which bloom between June and September. Sarcocornia (Fig. 1.3d) is a semi-woody plant with 

modified photosynthetic succulent stems and a superficial root system. Juncus (Fig. 1.3e) is a 

perennial bushy species with a height of about 100 cm, constituted by green stems and leaves 

(Pellegrini et al., 2018a; Wang et al., 2009). 275 

 

Figure 1. 3: Main species in the San Felice marsh: (a) – (e) are Salicornia, Spartina, Limonium, 

Sarcocornia and Juncus, respectively. 

Existing literature suggests that halophytic species in this marsh are strongly linked to the marsh 

geomorphology, i.e., each species lives at preferable elevation ranges thus constituting a species 280 

sequence. In specific, Salicornia and Spartina prefer to encroach marsh portions close to marsh 

lowest boundaries; Limonium is more likely to be observed on marsh portions with moderate 

elevations; Sarcocornia is usually found in areas with Limonium but it also can be observed on even 
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higher marsh portions; Juncus prefers to encroach marsh platforms with the highest elevations 

(Silvestri et al., 2005; Silvestri and Marani, 2004). It should be pointed out that Juncus encroaches 285 

the least area of this marsh, compared with the remaining four species (Belluco et al., 2006). 

1.4 GOALS OF THE CURRENT STUDY 

Aiming at analyzing eco-morphodynamic processes over the marsh platforms, this study 

investigates the changes in marsh platform morphology, vegetation-elevation relationship, changes 

in halophytic vegetation spatial distribution and above-ground biomass between 2000 and 2019 in 290 

a salt marsh in the Venice Lagoon. 

The distribution and dynamics of halophytic vegetation in the vertical plane were detected through 

the analyses of newly collected in-situ measurements, together with a unique dataset dating back to 

2000. The vegetation-elevation relationship was then extended to the whole marsh scale by coupling 

multi-spectral and corrected lidar-derived DEM. Finally, the dynamics in the spatial distribution of 295 

halophytic vegetation and above-ground biomass (AGB) were detected through the coupling of a 

series of remote sensing data and field observations. 

Results and conclusions derived from the current analysis are of critical importance to improve our 

current knowledge of the marsh eco-morphodynamic processes, especially on landscapes populated 

by multiple species. 300 
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1.5 THESIS OUTLINE 

The present work is presented in six chapters. 

• Chapter 2: This chapter mainly deals with the temporal changes in the vegetation-305 

elevation relationship. We analyzed a dataset including a series of accurate measurements 

of vegetation-elevation data collected over the San Felice marsh (Venice lagoon, Italy) 

between 2000 and 2019. Specifically, the responses of marsh surface elevation to the 

relative sea level rise (RSLR) is explored by analyzing changes in elevations along stable 

transacts and within patches with high data site densities over the monitored period. 310 

Temporal changes in the elevations of each halophytic vegetation species were analyzed 

to detect the dynamics in the dependency of vegetation presence on marsh elevations over 

multiple years. 

• Chapter 3: In this chapter, we developed a novel approach to estimate the fractional 

abundance of halophytic species and bare soil, based on Random Forest (RF) soft 315 

classification. The main advantage of this method is that it can fully use the information 

contained in the frequency of votes generated by each specific decision tree. The method 

was then applied to the WorldView-2 (WV2) data acquired over the San Felice marsh and 

the estimated fractional abundance was tested against observed FA in the field survey. Our 

results suggest that this new approach allows one to retrieve the fractional abundance of 320 

marsh-vegetation species with high accuracy (6.7% < root-mean-square error (RMSE) < 

18.7% and 0.65 < R2 < 0.96).  

• Chapter 4: This chapter mainly deals with the extension of the vegetation-elevation 

relationship, derived from local-scale measurements, to large spatial scales. We first 

proposed a new approach by fully considering the vegetation information contained in the 325 

fractional abundance and normalized differential vegetation index (NDVI) to correct 

lidar-derived DEM. We then applied this method to lidar point-cloud data collected in 

2003 over the San Felice marsh. The corrected DEM was then tested against marsh surface 

elevations measured during the field campaigns, indicating that this method is reliable 

because the final DEM is of high accuracy (R2 = 0.79 and RMSE = 3.5 cm). The final 330 

DEM was coupled with FA maps derived from multi-spectral data acquired in 2001, which 

were independent from DEM, and the multi-spectral data acquired in 2003, which was 

used for DEM correction, to analyze the vegetation-elevation relationship at the whole 

marsh scale.   

• Chapter 5: The focus of this chapter is to explore the marsh eco-morphodynamic processes 335 

through the analysis of the changes in the spatial distribution of halophytic vegetation. In 

specific, based on the application of the FA estimation method in Chapter 3 to a temporal 
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series of remote sensing images (2001, 2003, 2006, 2013, and 2019), we analyzed the 

spatial position of halophytic vegetation referred to channels, vegetation replacement and 

changes in the patch-size distribution. In addition, we also analyzed the changes in above-340 

ground biomass (AGB) over the San Felice marsh together with field observed AGB of 

each species.  

• Chapter 6 summarizes the main results of this study and draws a set of conclusions. 

These chapters are intrinsically related to each other to improve our understanding of marsh eco-

morphodyamic feedbacks by considering marsh platform morphology, the vegetation-elevation 345 

relationship, changes in halophytic vegetation spatial distribution and above-ground biomass in the 

San Felice marsh in the Venice lagoon. In particular, in Chapter 2 we support the vegetation-

elevation relationship measured at local-scales and for the first time we show that the same 

relationship holds consistently for multiple years. Chapters 3 and 4 aim to extend the local-scale 

vegetation-elevation relationship (described in Chapter 2) to the whole marsh scale by coupling 350 

multi-spectral images and lidar data. More in detail, Chapter 3 proposes a new vegetation 

classification method to map vegetation species at the whole marsh scale. Chapter 4 provides a new 

method to correct lidar-derived DEM over the marsh. These two methods are key steps to extend 

the vegetation-elevation relationship at the whole marsh scale. In addition, Chapter 4 also shows 

that the vegetation-elevation relationship reported in the second chapter is still reliable at the whole 355 

marsh scale. Thanks to the methods proposed in Chapters 3 and 4, we also suggested that the above-

ground biomass is tightly linked to the marsh surface elevations. Due to the fact that the vegetation-

elevation relationship is consistent in space and time, we explored the marsh ecomorphodynamic 

processes at a large scale by analyzing the dynamics of spatial distributions of vegetation species 

and above-ground biomass, as described in Chapter 5. Based on analyses in previous chapters, 360 

Chapter 6 draws a set of conclusions.  
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Chapter 2: Long term monitoring of salt-marsh vegetation elevation 

changes in response to sea level rise in a microtidal system 

 365 

This chapter is a manuscript ready to be submitted to Journal of Geophysical Research: 

Biogeosciences. The marsh surface vulnerability and the vegetation-elevation relationship were 

analyzed by a unique dataset including in-situ measured and recorded and marsh surface elevation 

vegetation information dating back to 2000. We first analyzed the changes in the marsh surface 

elevation (above the absolute datum and relative mean sea level) to explore marsh resilience and 370 

response to relative sea level rise. The temporal changes in preferable elevation ranges (above the 

absolute datum and relative mean sea level) of each halophytic vegetation species were analyzed to 

detect how halophytic vegetation species respond to changes in relative sea level. We finally 

validate, for the first time, the consistency of the known vegetation species sequence with increasing 

elevations over a period of 20 years.  375 
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Abstract 

Salt marshes are coastal ecosystems which provide fundamental ecosystem services. These 

ecosystems have been disappearing fast in the last decades due to climate changes and human 390 
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interferences. Improving current knowledge of salt-marsh response to changes in the environmental 

forcing is a key step to understand and predict salt-marsh biomorphodynamic evolution. Towards 

this goal, we analyzed the coupled elevation-vegetation response to changes in relative mean sea 

level (RMSL) in the microtidal Venice Lagoon, through accurate elevation measurements and 

vegetation cover information between 2000 and 2019. Our results suggest that: i) although almost 395 

all marsh sites increased their absolute elevations in time (relative to a fixed datum), elevations 

referred to the current RMSL decreased. Most of the marsh sites were not able to keep pace with 

the current rate of relative sea level rise (RSLR), thus suggesting progressive marsh drowning; ii) 

accretion rates, which range between 1.7 and 4.3 mm/year, are generally lower than the rate of 

RSLR (4.4 mm/year) and are strongly site-specific and vary at sites within distances of a few tens 400 

of meters, being controlled by local elevations and sediment availability from eroded marsh edges; 

iii) vegetation species respond to changes in the environmental forcing by modifying their 

preferential elevation ranges, and their response is species-specific. For the first time, we observe 

the consistency of a vegetation-species sequence with increasing elevations over a period of 20 

years. We suggested that this is the signature of vegetation resilience to changes in the forcings. Our 405 

results point at a strong coupling between geomorphological and ecological dynamics, and call for 

spatially distributed marsh monitoring and properly informed spatially-explicit biomorphodynamic 

models of marsh evolution. 

Key points:  

 Marsh elevations need to be monitored with reference to the local, current relative mean sea level.  410 

 Accretion rates are strongly site specific and vary at sites within distances of a few tens of meters. 

 Vegetation species respond to changes in the environmental forcing by modifying their preferential elevation 

ranges, their response being species-specific. 

2.1 Introduction 

Tidal salt marshes are typical biogeomorphic features of tidal landscapes, usually located between 415 

mean sea level (MSL) and mean high water level (MHWL), thus being regularly inundated by the 

tide (Balke et al., 2014; Fagherazzi et al., 2012; Silvestri et al., 2005; van Belzen et al., 2017; Van 

der Wal et al., 2008). Salt marshes are important ecosystems between marine and terrestrial 

landscapes (Kirwan & Guntenspergen, 2012; Marani et al., 2003b, 2006; Schuerch et al., 2018), 

providing valuable ecological and geomorphological services in tidal landscapes. Marshes host high 420 

biodiversity and primary productivity (Janousek et al., 2016; Kirwan & Guntenspergen, 2010; 

Morris et al., 2002; Thorne et al., 2018); attenuate wave action on the coast (Möller and Spencer, 

2002; Rupprecht et al., 2017; Schoutens et al., 2020); reduce flow velocities (Bouma et al., 2007, 

2005; Leonard and Croft, 2006); and act as sediment trapping zones (D’Alpaos & Marani, 2016; 

Ganju et al., 2015; Kirwan et al., 2010; Da Lio et al., 2013; Marani et al., 2013; Mudd et al., 2010; 425 

Tang et al., 2020; Temmerman et al., 2005). Salt marshes also serve as organic carbon sinks due to 

their ability to sequester and store large amounts of carbon (Chmura et al., 2003; Kirwan & Mudd, 
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2012; McLeod et al., 2011; Mudd et al., 2009; Mueller et al., 2019; Spivak et al., 2019; Roner et al., 

2016). However, these valuable ecosystems are currently disappearing fast over the world 

(Campbell et al., 2017; Carniello et al., 2009; Jankowski et al., 2017; Schuerch et al., 2018; 430 

Tommasini et al., 2019; Marani et al., 2007), being threatened by increasing rates of relative sea 

level rise (RSLR) (Blum & Roberts, 2009; Horton et al., 2018; Kirwan et al., 2010), decreasing 

sediment supply (Boyd et al., 2017; Silvestri et al., 2018), wave attack (D’Alpaos et al., 2013; 

Marani et al., 2011; Leonardi & Fagherazzi, 2014; Giulio Mariotti & Fagherazzi, 2013) and 

increasing human activities (Enwright et al., 2016). Their evolution and survival are controlled by 435 

the complex biomorphodynamic feedbacks (D’Alpaos & Marani, 2016; Fagherazzi et al., 2012; 

Murray et al., 2008).  

Rates of sea level rise in the 21st century have been higher than in the previous centuries (Enwright 

et al., 2016; Nicholls and Cazenave, 2010), representing a great threat to marsh survival. Previous 

analyses have documented that marshes can keep pace with Relative Sea Level Rise (RSLR) up to 440 

a given threshold rate, through inorganic and organic deposition, controlled by complex eco-

morphodynamic feedbacks (D’Alpaos et al., 2011; Fagherazzi et al., 2012; Kirwan et al., 2016; 

Mudd et al., 2009; Temmerman et al., 2003; Marani et al., 2007).  However, tidal marshes will 

drown if the rate of RSLR exceeds a threshold value, which depends on local conditions such as the 

subsidence rate, sediment supply and the tidal range (e.g., Kirwan et al., 2010; Marani et al., 2010; 445 

D’Alpaos et al., 2011). Marsh vulnerability is highly controlled by the balance between the accretion 

rate (Racc) and the rate of RSLR, which are agreed to change at large spatial scales and long temporal 

scales  (Boyd et al., 2017; Brinson et al., 1995; Day et al., 1998; Détriché et al., 2011; Shi et al., 

2012; Temmerman et al., 2003). In particular, modelling results suggest that marshes in microtidal 

environments are characterized by high vulnerability to RSLR, because the local inorganic and 450 

organic deposition rates are usually lower within these areas (D’Alpaos et al., 2011; Kirwan & 

Guntenspergen, 2010) compared to meso- and macrotidal ones. However, analyses on how 

microtidal marshes respond to increasing rates of RSLR, in particular through detailed field 

observations, are still lacking and deserve further analyses of the type proposed herein.  

Halophytic vegetation, which grows environmental conditions typical of coastal landscapes, i.e., 455 

frequent inundation and high salinity, plays a key role in the eco-morphodynamic evolution of salt 

marshes, due to its influence on erosional and depositional patterns (e.g., Morris et al., 2002; 

D'Alpaos et al., 2007; Kirwan and Murray, 2007; Marani et al., 2007; Fagherazzi et al., 2012). A 

large body of analyses has emphasized that halophytic vegetation can support marsh survival by 

reducing surface erosion (Bouma et al., 2007; Bouteiller & Venditti, 2015; Collins, 2004) and water 460 

flow velocities (Leonard and Croft, 2006; Leonard and Luther, 1995; Lightbody and Nepf, 2006; 

Zong and Nepf, 2010) and by attenuating lateral retreat (Brisson et al., 2014; Möller et al., 1999) 

and increasing marsh vertical accretion (D’Alpaos et al., 2012; Kirwan & Murray, 2007; Kirwan et 

al., 2010; Morris et al., 2002; Reents et al., 2021). Marsh surface elevations are strongly linked to 
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vegetation presence and therefore, a better understanding of such a tight relationship can help one 465 

to better understand and predict marsh response to the increase in RMSL. 

Salt-marsh vegetation is usually organized in a single species or typical species associations, a 

process known as zonation  (Belluco et al., 2006; Collin et al., 2010; Fariña et al., 2018; Marani et 

al., 2006; Pennings et al., 2005; Pennings & Callaway, 2015; Silvestri et al., 2005; Snow & Vince, 

1984; Engels et al., 2011). Halophyte zonation can be considered as the result of vegetation 470 

adaptation to edaphic conditions (Janousek et al., 2016; Marani et al., 2006; Moffett & Gorelick, 

2016; Muñoz-Rodríguez et al., 2017; Pennings et al., 2003; Schile et al., 2011; Xin et al., 2013) and 

species competitions (Huckle et al., 2000; Steven C Pennings et al., 2005; Steven C. Pennings and 

Callaway, 1992). Marani et al. (2013) and Da Lio et al. (2013) highlighted through 

biomorphodynamic modelling and field observations that zonation patterns are the result of the 475 

interaction and mutual adjustment between biomass production and soil accretion, and that 

halophytes actively tune soil elevation to maintain them to live within ranges of optimal adaptation. 

The observed zonation bio-geomorphic patterns are therefore the signature of multiple stable states, 

generated by competing vegetation species adapted to different elevation ranges. Indeed, halophytic 

vegetation distribution is intertwined with marsh morphology. A large number of the existing 480 

literature has documented that each halophytic vegetation species has lives within specific elevation 

ranges, which can be considered as the ecological niche (Granse et al., 2021; Janousek et al., 2019; 

Silvestri et al., 2005). As a result, halophytic species over the same marsh compose a species 

sequence with increasing elevations, which has been observed in many marshes over the world 

(Donnelly & Bertness, 2002; Schoutens et al., 2020; Silvestri et al., 2005; Todd et al., 2010). 485 

Silvestri et al. (2003) also suggested that halophytic vegetation species can be considered as an 

indicator of marsh elevation.  

RSLR also affects the growth and distribution of halophytic vegetation through the increase in 

physical stress (Colmer & Flowers, 2008; Fagherazzi et al., 2019; Jensen et al., 2020; Kirwan et al., 

2016; van Regteren et al., 2020), allowing species occupying lower marsh portions to replaced their 490 

higher counterparts (Donnelly and Bertness, 2002; Qi et al., 2021). However, such displacements 

and the responses of vegetation to RSLR might be site- and species-specific (Janousek et al., 2016; 

Morris et al., 2002), and possibly determined by the tolerance to increasing stress (Pellegrini et al., 

2017, 2018a; Strain et al., 2017), inter-specific cooperation or competition (Pennings et al., 2005) 

and environmental conditions (Pennings et al., 2009; Qi et al., 2021). The determination of how 495 

typical species respond to RSLR in microtidal marshes is a key step to understand vegetation 

community changes and marsh evolution, an issue that has rarely been explored (Pellegrini et al., 

2020; Strain et al., 2017) and that is one of the main issues addressed this paper. 

Towards the goal of better understanding how marsh surface elevations and halophytic vegetation 

species respond to RSLR, we analyzed a multi-year dataset of coupled marsh elevation-vegetation 500 
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field observations which were collected over a salt marsh in the Venice lagoon (Italy) between 2000 

and 2019. Specifically, two main questions are addressed in this paper: i) how do marsh respond to 

changes in the rate of RSLR? How can one quantitatively address this response? Is the response 

space-dependent? ii) How are halophytic vegetation species adjusting to RSLR?  

2.2 Materials and Methods 505 

2.2.1 Research area 

The Venice lagoon (Italy), is the largest lagoon in the Mediterranean Sea (Fig. 2.1a). It is 

characterized by a waterbody area of about 550 km2, a semi-diurnal tide with an average tidal range 

of about 1.0 m, and a maximum spring tidal range of approximately 1.5 m (Roner et al., 2016; 

Tommasini et al., 2019; Yang et al., 2020). The lagoon is connected to the Adriatic Sea by three 510 

inlets: Lido, Malamocco, and Chioggia. The total inputs of freshwater and sediments are modest, 

because the main rivers that used to debouch into the lagoon were diverted directly to the sea in the 

XVI–XIX centuries (D’Alpaos, 2010). The lagoon has been experiencing a severe morphological 

erosion in the last century, due to a number of processes among which human alterations to sediment 

supply, the construction of jetties at the inlets, the excavation of large navigable channels, and the 515 

increase in the rate of RLSR (including both eustatism and subsidence) promoted a significant 

decrease in salt marsh area (Carniello et al., 2009; D'Alpaos, 2010; Day et al., 1998; Laengner et 

al., 2019; Silvestri et al., 2018; Tommasini et al., 2019).  

The considered dataset was collected over the San Felice marsh (Figures 2.1a and b), which is 

located in the northern part of the lagoon. This area is mainly bounded by the San Felice channel 520 

and by the Spacco Tralo channel (Figure 2.1b). The San Felice marsh is one of the most naturally 

preserved areas within the lagoon (Marani et al., 2003a; Roner et al., 2016). Marsh surface 

geomorphology in the San Felice marsh is linked to the channels (Silvestri et al., 2005; Roner et al., 

2016), showing that marsh surface elevations decrease with increasing distance to main channels. 

The marsh area decreased significantly in the last century mainly due to the inner pond enlargement 525 

and wave attack (Day et al., 1998), highlighting the importance of further analyses on marsh 

vulnerability in this area.  

The San Felice marsh is encroached by typical halophytic vegetation species of the Venice Lagoon, 

such as Salicornia veneta (hereafter “Salicornia”), Spartina maritima (hereafter “Spartina”), 

Limonium narbonense (hereafter “Limonium”), and Sarcocornia fruticosa (hereafter 530 

“Sarcocornia”) (Belluco et al., 2006; Marani et al., 2003b; Marani et al., 2006; Silvestri et al., 2005; 

Wang et al., 2007; Yang et al., 2020). Previous field campaigns (Silvestri & Marani, 2003; Silvestri 

et al., 2005) documented a typical species sequence with elevation, i.e., Salicornia and Spartina 
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usually encroach lower elevations, Limonium is more likely to be observed on areas with moderate 

elevations, and Sarcocornia prefers to occupy the highest marsh portions. 535 

 

Figure 2. 1: Research area: the Venice Lagoon, Italy; (a) shows the map of the Venice lagoon and 

the location of the San Felice marsh; (b) shows different parts of the San Felice marsh considered 

in our analyses. The red star is the crossover point of marsh boundaries along the San Felice and 

Spacco Tralo channels (base maps are collected from Google Earth, https://www.google.com/earth/). 540 

2.2.2 Methods 

To answer the research questions recalled in the Introduction section, the rate of RSLR, marsh 

accretion rate, and halophytic vegetation migration rate in the corresponding period need to be 

estimated.  

2.2.2.1 Sea level measurements 545 

Long-term analyses of sea level changes in the Venice lagoon can be assessed based on water level 

measurements performed by a network of tide gauges managed by the Venice municipality 

(https://www.comune.venezia.it/it/archivio/1653). Water levels recorded by Punta Salute (PS) tidal 

gauge station (Fig. 2.1a) are considered in our analyses to represent the conditions of the San Felice 

marsh due to the short distance between the P.S. tidal gauge and the long monitoring history of the 550 

P.S. tidal gauge (https://www.comune.venezia.it/content/1-punta-salute-canal-grande). It is worth 

recalling that, even though the PS tidal gauge is 10 km far from the San Felice salt marsh, the 

hydrodynamic model developed by D’Alpaos & Defina (2007) shows that the water level 

differences between the two sites are small (O(1cm)). 

Tidal gauge measurements are referred to a benchmark at Punta della Salute (ZMPS, 555 

https://www.comune.venezia.it/it/content/riferimenti-altimetrici). The ZMPS was referred to the 

Italian IGM benchmark, the unique zero benchmark in Genova where IGM stays for “Istituto 

https://www.comune.venezia.it/it/archivio/1653
https://www.comune.venezia.it/it/content/riferimenti-altimetrici
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Geografico Militare” (Military Geographic Institute). The IGM benchmark was observed to be 

higher than the ZMPS of 23.56 cm in 1968. However, it has been documented that the elevation of 

ZMPS decreased in time with a rate of about 0.5 mm/year due to natural and human-induced 560 

subsidence (Carbognin et al., 2004; da Lio et al., 2017; Tosi et al., 2018; Trincardi et al., 2016). On 

the contrary, the elevation of the IGM datum is stable. To correctly estimate changes in RMSL, the 

annual average values of tidal gauge records from the PS station were then referred to the IGM 

datum, accounting for the above-recalled subsidence rate.  

Water levels in the lagoon are influenced by storm events and waves on the short term (O(days)) 565 

(Mel et al., 2014), by astronomic forcing on longer timescales (O(1-10 years) (Valle-Levinson et 

al., 2021), and by human activities at even longer time scales (O(10-100 years). Valle-Levinson et 

al. (2021) demonstrated that the interannual variability of mean sea-level in the northern Adriatic 

sea is associated with lunar precessions, solar activity, and the interaction, or interference, between 

them. However, marsh elevations and the related accretion rates have been shown unable to record 570 

annual or interannual fluctuations in RMSL (D’Alpaos et al, 2011). Therefore, in order to investigate 

changes in marsh elevations with reference to the IGM datum, but most importantly to the current 

RMSL, we considered a linear approximation of annual RMSLs (above the absolute IGM datum) 

between 2000 and 2019 and considered the approximated RMSL values of each year to determine 

marsh elevations relative to MSL. Therefore, changes in marsh surface elevations (and of the 575 

elevations encroached by the different vegetation species) above the current RMSL were obtained 

by referring to the measured elevations (above the absolute IGM datum) to the approximated RMSL 

of each specific year. 

2.2.2.2 Elevation of marsh surface  

Accurate topographic measurements were carried out on randomly selected sites (Figure 2.2) on 580 

different marsh portions. The San Felice marsh was surveyed  7 times in different years between 

2000 (Silvestri et al., 2005) and 2019 (e.g., 2000, 2002, 2003, 2004, 2006, 2013 and 2019, as shown 

in Table 1). It should be noticed that data points in 2000, 2013 and 2019 are evenly distributed over 

the marsh, while data collected in 2002, 2003, 2004 and 2006 are mainly of some typical 

homogeneous halophyte species patches. In specific, geographic positions and soil elevations were 585 

measured through a total station with a high precision (O (2 mm)). All the total station measurements 

are referred to the IGM datum, which has been used to determine the rate of RSLR in Section 2.2.1, 

allowing us to estimate the relative positions of marsh platform and vegetation above MSL for each 

specific year. 

In order to explore the spatial variability of the marsh vertical displacement, the research area was 590 

divided into three parts (Part I, II and III in Figure 2.1b).   

Table 2. 1: Number of data point of the field work collection 
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Number of Sites 2000 2002 2003 2004 2006 2013 2019 

Part I 88 -- 82 -- 30 138 284 

Part II 51 247 93 76 -- -- 104 

Part III 99 335 332 149 120 -- 108 

 

Figure 2. 2: The position of the surveyed points; (a) shows the position of data sites collected in 

2000, 2002, 2003, 2004, 2006 and 2013; (b) shows the position of data sites collected in 2019. The 595 

base map is the composition of RGB bands of an IKONOS image acquired on August 31, 2006. 

Soil elevations and vegetation cover of ten stable transects, all starting on the marsh boundary and 

ending in either inner marsh portions or at minor creek edges were monitored between 2000 and 

2019. Five transects (Figure 2.3a) were surveyed two times in 2000 and 2019, and other five 

transects were surveyed twice in 2013 and 2019. These transects allow us to analyze marsh surface 600 

elevations and their changes (the accretion rates, Racc) together with changes in vegetation cover. 

The local accretion rate, Racc (mm/year), was estimated as the ratio between the difference in 

elevations measured in different years (referenced to IGM datum) and the considered time interval 

Three patches with high data-point density were also selected in each part to estimate marsh surface 

accretion and to analyze marsh platform vulnerability to RSLR. Then, a paired point sub-dataset 605 

composed of corresponding data points in 2000 and 2019 was also used for the further observation 

of the marsh surface changes in Part III. In specific, we constructed a buffer zone with a radius of 5 

m around data points in 2000 in this part. The data points visited in 2019 which fall in such buffers 

are selected to construct the 2019-part of this sub-dataset. Then data points in 2000 that have near 

neighbors (<5 m) collected in 2019 are considered as the 2000-part in this sub-dataset. Finally, 610 

platform elevations measured from transects, patches and paired points were projected to the current 

RMSL of the specific considered year to detect the relative elevation changes. The number of data 

sites in patches and pair-point are listed in Table 2.2. 
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To address vegetation elevation changes, vegetation observations were carried out at the same time 

as the marsh elevation measurements. Salicornia, Spartina, Limonium and Sarcocornia are the main 615 

species in this area (Silvestri et al., 2003, 2002) and their fractional abundance was estimated using 

the standard Braun-Blanquet visual method, which records the presence of each species in an area 

of about 1 m2 by 10 intervals between 0% and 100% (Silvestri et al., 2005). The numbers of times 

that each species was recorded are listed in Table 3. The elevation change rate (Rc) of each species 

is also determined by the linear fitting of its yearly mean elevation (above the IGM datum). The 620 

submergence trend of each species is estimated by the differences between Rc and Rrsl.  

2.2.2.3 Marsh boundary retreat estimation 

We employed the DSAS (Digital Shoreline Analysis System) extension 5.0 (Himmelstoss et al., 

2018) for ArcGIS 10.5 to estimate the marsh boundary retreat rate in the last 20 years. In specific, 

we digitalized marsh boundaries along the San Felice channel from its cross point (red star in Fig. 625 

2.1b, hereafter ‘cross point’) with Spacco Tralo channel in an east direction on the remote sensing 

images acquired over this marsh acquired in 2001 (IKONOS, spatial resolution = 1 m) and 2019 

(WV 2, spatial resolution = 0.5 m). To accurately describe the marsh boundary retreat trend in each 

marsh portion, transects were evenly generated with a small space of 5 m. Consequently,162 

transects (e.g., 39, 41 and 82 transects for Part I, Part II and Part III, respectively) starting from the 630 

cross point (Fig. 2.1b) were used in marsh retreat rate estimation. 
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Figure 2. 3: Position of marsh sites considered to determine marsh vertical accretion; (a) position 

of the selected transects; (b) position of patches; (c) position of paired data points in Part III. Base 

map of (a) is collected from Google Earth (https://www.google.com/earth/) and base maps of (b) 635 

and (c) are collected from IKONOS data acquired in 2006. 
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Table 2. 2: Number of data points (n) of the elevation dataset, collected in the different parts of the San Felice marsh, at different years. 637 

 

Transects Patches Paired-point 

 

Part Part I   Part II  Part I Part II Part III Part III 
 

Year 2013 2019 2000 2019 2000 2013 2019 2000 2002 2003 2004 2019 2004 2006 2019 2000 2019 
 

n 73 71 21 21 48 49 97 18 129 57 40 36 42 56 27 17 18 
 

 638 

Table 2. 3: Number of data sites for each vegetation species in the in the different parts of the San Felice marsh, at different years. I = Part I; II = Part II; III = Part III. 639 

Number of 

data sites 

2000 2002 2003 2004 2006 2013 2019 

I II III I II III I II III I II III I II III I II III I II III 

Salicornia - - - - - - - - - - - - 23 - - 23 - - 48 13 12 

Spartina 18 11 15 - 87 68 47 17 50 - 24 37 - - - 27 - - 33 5 12 

Limonuim 46 24 36 - 100 206 -- 68 149 - 38 125 - - 55 77 - - 170 81 59 

Sarcocornia 51 36 56 - 174 211 31 65 126 - 38 56 - - 98 62 - - 185 79 75 

640 



25 

2.3 Results 

2.3.1 Sea level changes of the San Felice Marsh 

We first analyzed the changes in relative mean sea level (RMSL). The annual average values of sea level 

(MSL) generally increased in the considered period, indicating the San Felice marsh is subjected to a RSLR 

trend, with an average rate of about 4.4 mm/year (black dashed line in Figure 2.4). In fact, the measured 645 

annual average value of sea level (black dots in Figure 2.4) fluctuated around this trend, being the result of 

astronomic forcing, storms and human activities (Mel et al., 2014; Silvestri et al., 2018; Valle-Levinson et 

al., 2021). Whereas numerical modelings have suggested that marsh surface cannot record such fluctuations 

(D’Alpaos et al., 2011; Kirwan & Murray, 2008). Thus, values in the trend (red dots in Figure 2.4) can 

represent the RMSL in each specific year and allow us to analyze the marsh and vegetation elevations above 650 

RMSL. 

 

Figure 2. 4: Mean annual RMSLs (measured by the Punta Salute station) referred to the IGM datum, 

measured between 2000 and 2019. Black dots represent measured data, red dots represent RMSLs used in 

the analyses. 655 

2.3.2 Marsh surface elevation changes between 2000 and 2019  

We first analyzed changes in marsh elevation along the ten transects shown in Fig. 2.3a. Fig. 2.5 shows the 

mean marsh elevation along the ten transects measured with reference to the IGM datum between 2013 and 

2019 (Fig. 2.5a for Part I) and between 2000 and 2019 (Fig. 2.5b for Part II). Elevations measured with 

reference to the IGM datum display an increase in time for Part I and II, although with different accretion 660 

rates. Indeed, inorganic and organic sediment deposition allowed the marsh to increase its elevation in this 

20-year period with rates of about 1.7 mm/year (Part I, Fig. 2.5a) and 4.3 mm/year (Part II, Fig. 2.5b). 

However, if one considers marsh elevations referenced to the RMSL of the specific considered year (Fig. 

2.4), it emerges that only Part II (Fig. 2.5d) is characterized by accretion rates that tend to balance the rate 

of RSLR (4.4 mm/yr, Fig. 2.4). Indeed Part I displays a constant decrease in elevations referenced to the 665 

RMSL (Fig. 2.5c), thus suggesting that this portion of the marsh cannot keep pace with the increase in 

RMSL. Although for both transects in Part I and II one can observe an increase in the absolute marsh 
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elevations (referred to the IGM datum), changes in marsh elevations relative to MSL show that only Part II 

can keep pace with the incr4ease in RMSL. 

More in detail, the analysis of the behavior of the single transects in Part I (transects 1-5 in Fig. 2.6) and Part 670 

II (transects 6-10 in Fig. 2.7) confirms the above general trend, but furthermore allows one to further 

investigate the spatial dependency of marsh response to changes in the forcing. Figs 2.6 and 2.7 show marsh 

elevations along the transects together with vegetation cover for the considered surveys. Our data show that 

marsh platform elevations generally decrease with distance from channels (Figs 2.6 and 2.7), mainly due to 

the fact that sediment concentration decreases towards the inner marsh portions (Coleman et al., 2020; 675 

Kirwan & Murray, 2007; Roner et al., 2016; Schuerch et al., 2019; Temmerman et al., 2003; D’Alpaos et 

al., 2007; Marani et al., 2013). 

 

Figure 2. 5: Box whisker plots of average marsh elevations along transects in Part I and Part II at different 

years; (a) and (b) show absolute elevations above the IGM datum; (c) and (d) show elevations above RMSL. 680 

The dashed blue line in panels (a) and (b) represents RMSL. 

Data for the specific transects in Part I (Fig. 2.6) show that while marsh elevations referenced to the IGM 

datum did not display notable changes in time (consistent with the average accretion rate of 1.7mm/yr 

described above), marsh elevations referenced to RMSL decreased in time, thus suggesting that these marsh 

sites lost elevation above RMSL and were not able to pace with the increase in RMSL. Vegetation cover 685 

along transects displayed minor changes. In transect 2, Limonium was replaced by Sarcocornia at the 

margins of the transect, whereas a transition from Limonium to bare soil was observed in the inner marsh. In 

transect 3, bare soil spots in the inner marsh portion were encroached by Sarcocornia and Limonium. In 

transect 4 a transition from vegetated configurations (populated by Limonium and/or Salicornia and/or 

Spartina) to bare soil new states were observed. 690 
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Fig. 2.7 shows changes in marsh elevations along every single transect in Part II. Marsh sites along Transects 

6 – 10 (Fig. 2.3a) display a notable increase in marsh elevations referenced to the IGM datum (Fig. 2.7 a-e), 

which tends to balance the rate of RSLR, thus suggesting that these sites are able to keep pace with the 

increase in RMSL (Fig. 2.7f-j) their average accretion rate (4.3 mm/yr) being quite close to the rate of RMSL 

rise (4.4 mm/yr). In terms of vegetation cover along these transects, minor dominant species replacements 695 

were observed. In transect 6 (Fig. 2.7f), a transition from vegetated configurations populated by Limonium 

to bare soil new states was observed, together with the replacement of vegetation species characteristic of 

higher elevations to lower elevation species were observed (transitions from Sarcocornia to Limonium) were 

local decrease in elevations relative to RMSL were observed. 
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 700 

Figure 2. 6: Marsh elevations along transects 1 – 5 between 2013 and 2019, together with local dominant 

vegetation species surveyed in the same years. The left column shows elevations above the IGM datum, 

whereas the right column shows elevations above RMSL (Fig. 2.4). 
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Figure 2. 7: Marsh elevations along transects 6 – 10 between 2000 and 2019, together with local dominant 705 

vegetation species surveyed in the same year. The left column shows elevations above the IGM datum, 

whereas the right column shows elevations above RMSL (Fig. 2.4). 
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Elevation measurements at the same marsh sites allow one to analyze the dependency of accretion rates 

(Racc) on marsh geomorphology. Fig. 2.8 suggests that Racc generally decreases with increasing elevations, 

indicating that organic and inorganic sediment deposition is higher at sites with lower elevations, allowing 710 

lower marsh portions to keep pace with the increase in RMSL. A few marsh sites, located in Part I along 

transects 3, 4, and 5, displayed a temporal decrease in elevation relative to the IGM datum, likely due to 

local subsidence (Da Lio et al., 2018; Tosi et al., 2018, 2013). However, when comparing accretion rates 

with the rate of RSLR, it clearly emerges that most of the sites along transects in Part I cannot keep pace 

with the increase in RMSL and are therefore subjected to drowning or submergence. Sites along transects in 715 

Part II are characterized by accretion rates that tend to match the rate of RSLR, consistently with the elevation 

analyses in Figs. 2.5-2.7.  

 

Figure 2. 8: Variations in the accretion rate, Racc, as a function of local elevations. The purple line shows the 

null accretion state Racc = 0 mm/year; i.e., points above or below the purple line experienced accretion or 720 

subsidence, respectively. The blue line portrays the rate of RSLR, Rrsl = 4.4 mm/year, and allows one to 

distinguish points that can keep pace with the increase in RMSL (survival, i.e. above the blue line) from 

points that progressively drown (submergence, i.e. below the blue line). 

We then analyzed changes in marsh elevations within patches (Fig. 2.3b) and at paired points (Fig. 2.3c). 

Fig. 2.9 shows that the mean marsh elevations, referenced to the absolute IGM datum, within patches and in 725 

correspondence of paired points increased in time (Fig. 2.9a-d) with rates of about 2.2 mm/year (Part I, Fig. 

2.9a), 3.4 mm/year (Part II, Fig 2.9b) and 2.4-2.9 mm/year (Fig. 2.9c-d, Part III). On the one hand, this first 

indicates that the marsh increased in elevation due to organic and inorganic deposition, confirming the 

general trend observed for mean elevations along transects (Fig. 2.5). It also suggests that the Racc in Part II 

is higher than Racc in Part I and III, furthermore emphasizing that the Racc is strongly site-specific. On the 730 

other hand, however, our results show that if one considers elevations above the RMSL in the specific year 

(Fig. 2.4), all of these three marsh portions lost elevations relative to RMSL, thus highlighting that they 

cannot keep pace with the increase in RMSL (Fig. 2.9 e-h), being the Racc observed in these patches (ranging 

from 2.2 to 3.4 mm/yr) lower than the rate of RMSL (4.4 mm/year).  
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 735 

Figure 2. 9: Box whisker plots of average marsh elevations within patches and at paired points; (a)-(d) show 

elevations above the IGM datum; (e)-(h) show elevations above RMSL. The dashed blue line in panels (a)-

(d) represents RMSL. 

One might however wonder why different marsh portions, very close one to the other, display different 

behavior when adapting to RSLR. We suggest that the higher accretion rates in Part II are associated with 740 

the larger marsh retreat rate in this portion (Fig. 2.10), with collapsing marsh edges that provide sediments 

for the marsh surface to accrete vertically (Mariotti and Carr, 2014; Priestas et al., 2015). Indeed, the average 

boundary retreat rate in Part II was found to be equal to about 39 cm/year, and it was higher than the average 

boundary retreat rate in Part I (29 cm/year) and in part III (11 cm/year). We speculate this supports the 

hypothesis that Part II receives more sediments from eroded edges, which allows it to increase its elevations 745 

in time with larger accretion rates (Mariotti & Carr, 2014). 
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Figure 2. 10: Lateral marsh retreat rates between 2000 and 2019 

2.3.3 Changes in halophytic vegetation elevation between 2000 and 2019 

We then analyzed the dependence of vegetation presence on soil elevation, i.e. the range of marsh elevations 750 

encroached by each vegetation species. Our analysis shows that a species sequence with increasing 

elevations exists  (Marani et al., 2004; Silvestri et al., 2005; Silvestri & Marani, 2004) due to the fact that 

each vegetation species tends to live within specific elevation ranges (i.e., ecological niches). Indeed, 

Salicornia tends to encroach the lowest marsh elevations; Spartina occupies marsh portions with slightly 

higher elevations compared to Salicornia; Limonium tends to encroach areas with moderate elevations and 755 

Sarcocornia is more likely to be observed on higher marsh portions (Fig. 2.11). Differences and overlaps 

between elevation ranges typical to each halophytic species are summarized in Fig. 2.11 for the different 

marsh portions considered in our analysis. Interestingly, for the first time we show that the recalled sequence 

displays a consistent behavior over time, since the same sequence is maintained in all marsh portions in the 

considered period. Although minor temporal changes in the preferred elevations for each species are 760 

observed, these changes do not alter the species sequence described above (Fig. 2.11). Moreover, we show 

that a given halophytic species is observed at preferential elevations which are different in the three 

considered marsh portions, although separated by a few hundred meters. The same sequence is shifted 

vertically at the three different considered marsh portions thus suggesting the development of site-specific 

biogeomorphic patterns. 765 
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Figure 2. 11: Vegetation species sequence with increasing elevations; (a), (b) and (c) are box whisker plots 

of average elevations of each species above the RMSL in Part I, Part II and Part III, respectively. 

Figs 2.12-2.14 display the mean elevations of each species in different marsh portions over the monitored 

period (Fig. 2.12 for Part I, Fig. 2.13 for Part II and Fig. 2.14 for Part III). Absolute vegetation elevations 770 

measured above the fixed IGM datum increase in time (Fig. 2.12a-d for Part I, Fig. 2.13a-c for Part II, and 

Fig. 2.14a-c for Part III), suggesting that halophytic vegetation tends to increase its elevation with species-

specific rates (Rc, Table 2.4). Sarcocornia and Limonium are the species which tend to better adapt to the 

observed current rates of RSLR (Table 2.4). However, if one considers the elevations encroached by each 

species referred to the RMSL in the specific year, it clearly emerges that in most cases elevations tend to 775 

decrease in time (Fig. 2.12e-h for Part I and Fig. 2.14d-f for Part III) or stay nearly constant (Fig. 2.13d-f for 

Part II).  

Records of vegetation cover across the marsh over the monitored period also allow one to analyze vegetation 

composition changes in time. More in detail, Salicornia was not recorded over the marsh between 2001 and 

2004, but was observed between 2006 and 2019 in Part I (Table 2.3 and Fig. 2.12), suggesting that this 780 

invasive species that started to encroach this marsh in between 2004 and 2006. In addition, Spartina was not 

observed in 2004 and 2006 but it was recorded in the remaining years, indicating the occurrence of a dieback 

event for this species. These observed composition-change events are consistent with previous remote 

sensing observations over the same marsh before 2006 (Belluco et al., 2006). 
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 785 

Figure 2. 12: Box whisker plots of average elevations encroached by each species in Part I. (a)-(d) show 

elevations above the IGM datum; (e)-(h) show elevations above the RMSL. The dashed blue line in panels 

(a)-(d) represents RMSL 
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Figure 2. 13: Box whisker plots of average elevations encroached by each species in Part II; (a)-(c) show 790 

elevations above the IGM datum; (d)-(f) show elevations above the RMSL. The dashed blue line in panels 

(a)-(c) represents RMSL. 
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Figure 2. 14: Box whisker plots of average elevations encroached by each species in Part III; (a)-(c) show 

elevations above the IGM datum; (d)-(f) show elevations above the RMSL. The dashed blue line in panels 795 

(a)-(c) represents RMSL. 

Table 2. 4: The elevation change rate (Rc) of each species between 2000 and 2019 

Rc (mm/year) Part I Part II Part III 
Rrsl 

(mm/year) 

Salicornia 2.7 -- -- 

4.4 
Spartina 2.1 2.7 2.0 

Limonium 2.1 3.6 2.6 

Sarcocornia 1.5 3.1 2.0 

 

2.4 Discussion 

2.4.1 Marsh vulnerability to current environmental forcing 800 

Elevations measured with reference to the IGM datum suggest that organic and inorganic deposition allow 

the marsh to increase its elevation in the monitored period. However, it is important to note that most of the 

marsh areas display a decrease in the mean elevations with reference to RMSL for the specific year, 

suggesting a possible drowning of the marsh. Analyses of changes in marsh elevation need to consider marsh 
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elevations relative to the current, local value of mean sea level. Possible reasons for the alarming trend 805 

described above are: 1) the higher current rate of RSLR (Rrsl = 4.4 mm/year), compared to the lower rate 

(3.5 mm/year) observed in the Venice lagoon in the last century (Carbognin et al., 2004; Marani et al., 2007); 

2) the low sediment concentration (C0=10~30 mg/L) in the water of the lagoon (Venier et al., 2014), due to 

the fact that the main rivers that used to debouch into the lagoon were diverted directly to the sea in the last 

centuries (Marani et al.  2007; Tommasini et al., 2019), and 3) the microtidal setting, which is known to limit 810 

marsh resilience to changes in the rate of RSLR and sediment supply (D’Alpaos et al., 2011; Silvestri et al., 

2018; Kirwan et al., 2010; Marani et al., 2010). 

Interestingly, our results also suggest that the accretion rate (Racc) and marsh response are strongly site-

specific, displaying important variations also among sites separated by a few hundred meters. In particular, 

marsh elevation measurements along the transects suggest that the Racc increases with lower marsh elevation 815 

(Fig. 2.8). In fact, lower marsh portions can receive more inorganic sediment due to the longer waterlogging 

period (D’Alpaos et al., 2011; Temmerman et al., 2003). Lower elevations also represent higher water-depth 

when the marsh is flooded by tide, which can enhance biomass production (Janousek et al., 2020; Morris et 

al., 2002), further improving the organic deposition. Furthermore, the Racc in Part II is higher than Part I and 

III (Figs. 2.5 and 2.9), indicating that the accretion rate might be intrinsically related to the marsh retreat rate 820 

(Fig. 2.10). Sediments eroded from the marsh boundary can be redistributed over the marsh platform by 

waves and tides, thus helping the marsh to vertically keep pace with RSLR, while retreating horizontally. 

However, quantitatively descriptions of the link between marsh boundary retreat and vertical deposition are 

still lacking (Mariotti and Carr, 2014; Priestas et al., 2015), thus calling for spatially-extended field 

observations and modeling to facilitate analyses focused on future marsh biomorphodynamic evolution. In 825 

fact, different marshes over the world are in different submergence or resilience situations (Table 2.5).  

Table 2.5: Marsh conditions in different parts of the world 

Area Condition Reference 

Delaware Bay R Boyd et al., (2017) 

Barnegat Bay S Boyd et al., (2017) 

Deal Island S Qi et al., (2021) 

Mississippi Delta S Blum et al., (2009) 

Exmouth Gulf S Lovelock et al., (2021) 

New England salt marsh S Donnelly & Bertness (2001) 

Yangze Estuary R Yang (2005) 

R= resilience, S=submergence. 

The marsh drowning trend suggested by the higher value of RMSL rise compared to the accretion rate, does 

not imply that the San Felice marsh will disappear and experience a transition to tidal flat. Indeed, marshes 830 

have strong resilience to increasing RMSLs thanks to biomorphodyanmic feedbacks. The marsh might 

decrease its elevation in order to increase the accretion rate and balance the rate or RSLR, up to a given 

threshold that, when exceeded, will lead to progressive marsh drowning. Improving sediment supply by 
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redirecting rivers into the lagoon or artificially adding sediments that could be later reworked and 

redistributed by waves and tides can be possible methods to prevent the drowning trend of the marsh. 835 

 

2.4.2 Halophytic vegetation response to the increase in RMSL 

Vegetation cover along the single transects in Part I (Fig. 2.6) did not display relevant species replacement, 

although the marsh is likely subjected to drowning, which is out of our expectations and observations in the 

literature (Donnelly and Bertness, 2002; Qi et al., 2021). The possible reason for the stable vegetation 840 

configuration along transects 1 - 5 can be that vegetation can tolerate the deterioration of the edaphic 

conditions caused by the increase in RMSL in the monitored period (6 years, between 2013 - 2019). In 

addition, dominant species replacement was not observed along transects 6 - 10 (Fig. 2.7) in Part II, 

suggesting that vegetation can persist in its position when the accretion rates can balance the increase in 

RMSL. Thus, we speculate that, after the increase in RMSL in a few years within a threshold (e.g., 6 years 845 

in this case), halophytic vegetation can tolerate the deterioration of physical conditions within a threshold 

value, and responds to RSLR mainly through the persistence in its position, instead of the vertical 

displacement.  

The observed disappearance of Spartina between 2004 and 2006 due to the sudden dieback of Spartina, was 

likely associated with the drought conditions related to the heat-wave event in 2003 (Alber et al., 2008; 850 

Hughes et al., 2012; Strain et al., 2017). Salt marsh encroachment by Salicornia at the San Felice site after 

2006 is likely due to the fact that this species is widely distributed over other marshes in the lagoon (Silvestri 

et al., 2005), which provides available seeds for it to encroach the platform.  

Our analyses suggest that there is a typical species sequence with increasing elevation, which, for the first 

time, we observe to be consistent over the 20-year period (Fig. 2.11). The consistency of this sequence is of 855 

critical importance to inform marsh evolution models by considering high bio-diversity conditions (e.g., 

Marani et al., 2013; Dalio et al., 2013; D’Alpaos and Marani, 2016), while most of the available models 

mainly consider one single species (Kirwan et al., 2007, 2016; Mudd et al., 2009; D’Alpaos et al., 2011; 

Morris et al., 2002). Our unique time record of vegetation-elevation changes over a period of a few decades 

in the Venice lagoon, allowed us to highlight that vegetation respond to changes in RSLR by increasing its 860 

preferential elevation over the marsh, but with species-specific rates, possibly due to the fact that halophytic 

vegetation response is strongly species-dependent (Janousek et al., 2020). 

The observed species sequence can be considered as a combination of vegetation adaptation to soil properties 

and species competition (Pennings et al., 2005). In specific, higher marsh portions, characterized by 

relatively lower physical stress due to lower waterlogging periods, are more likely to be occupied by species 865 

with higher compatibilities (such as Limonium and Sarcocornia), while lower marsh portions, characterized 

by relatively higher stress due to long-time inundation, are more likely to be encroached by species with 
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higher adaptability to higher physical stresses but lower compatibility (such as Spartina and Salicornia). We 

speculate this explains the consistency of the species sequence although elevations encroached by each 

species changed with species-specific rates. In particular, Limonium and Sarcocornia cannot adjust to, and 870 

live within, areas with high inundation periods, thus they tend to populate relatively higher marsh portions 

with hydrological stresses they can tolerate. We suggest although increasing sea levels will likely lead to a 

loss in marsh elevations,  Limonium and Sarcocornia would still occupy positions higher than those occupied 

by Spartina and/or Salicornia. However, if elevations fall below a given threshold below which these species 

cannot survive, they will likely disappear from the marsh. At that time, the marsh will be populated by only 875 

Spartina and Salicornia, species with higher tolerance to large waterlogging stress. Further research efforts 

and evidence from long-time observations are needed to support these speculations. 

An important source of uncertainty in our analysis might be related to the randomly selected sites over the 

marsh. The position and number of surveyed sites in the dataset, at which marsh surface elevation was 

measured and vegetation cover was recorded changed in time. This might have affected the accuracy of the 880 

estimated marsh accretion rates and vegetation elevation changes, thus calling for further field observations. 

Another limitation of this study is associated with the large (2237) but the relatively limited number of in-

situ observations. Field observations of the type considered in our analyses are time-consuming, and larger-

scale analyses are needed to extend our results to the whole lagoon scale, where the presence of each species 

is also controlled by soil properties, subsurface water dynamics, oxygen availability, reduced conditions and 885 

high sulfide concentrations (Alber et al., 2008; Marani et al., 2006; Xin et al., 2013). Our analyses also show 

that the specific sequence is shifted vertically also at adjacent sites and therefore it is expected to be shifted 

when considering different marshes in the lagoon (Silvestri et al., 2005). This calls for observations over 

large areas, which are possible by coupling vegetation species maps obtained through  multi- or hyper-

spectral data (Belluco et al., 2006; Yang et al., 2020) and digital elevation models obtained by lidar 890 

observations (Buffington et al., 2016; Hladik et al., 2013; Hladik and Alber, 2012; Wang et al., 2009). 

2.5 Conclusions  

We analyzed the coupled elevation-vegetation response to changes in relative mean sea level in a microtidal 

system (the Venice Lagoon) by using accurate elevation measurements and vegetation cover information. 

Our data from the San Felice marsh included data surveyed 7 times between 2000 and 2019. 895 

Analyses of marsh elevations suggest that almost all marsh points increased their absolute elevations 

(relative to a fixed datum in time, the IGM datum) thanks to the coupled organic and inorganic deposition 

over the surface. However, when elevations referred to the current RMSL were considered, it emerged that 

most of the marsh sites were not able to keep pace with the current rate of RSLR, thus suggesting progressive 

marsh drowning. This suggests the need to refer to local marsh elevations referenced to RMSL when 900 

monitoring marsh evolution and response to changes in the environmental forcing. 
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In addition, we observe that marsh accretion rates are strongly site-specific and change at sites within 

distances of a few tens or hundreds of meters. At adjacent sites accretion rates range between 1.7 and 4.3 

mm/year, with differences that crucially affect marsh response to the current rate of RSLR (4.4 mm/yr). 

Differences are related to local conditions, such as local marsh elevations (accretion rates are larger for lower 905 

marsh elevations) or sediment availability due to marsh lateral erosion. In the latter case, sediments eroded 

from the marsh edge are later deposited over the platform by waves and tides. This crucially calls for spatially 

distributed marsh monitoring and properly informed spatially-explicit biomorphodynamic models of marsh 

evolution. 

Finally, we showed that vegetation species respond to changes in the environmental forcing by modifying 910 

their preferential elevation ranges. Different species vertically migrate with different rates, according to 

species-specific characteristics. Indeed, each species lives within specific elevation ranges, thus displaying 

a species sequence with increasing elevations. For the first time, we observe the consistency, over a period 

of 20 years, of such vegetation-species sequence. This is suggested to be a signature of vegetation resilience 

to changes in the forcings. We observed a dieback of Spartina between 2003 and 2006, and its reappearance 915 

2013, whereas Salicornia started to encroach the marsh between 2003 and 2006. All these observations point 

at a strong coupling between geomorphological and ecological dynamics, with relevant implications for the 

further eco-morphodynamic analyses. 
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Chapter 3: Assessing the fractional abundance of highly mixed salt-marsh 

vegetation using Random Forest soft classification 925 

 

This chapter is a manuscript published on Remote Sensing. We proposed a novel approach that is based on 

the Random Forest Soft classification algorithm to estimate the fractional abundance (FA) of each species 

and bare soil in plant associations. The method can fully use the votes from each decision tree and interpret 

the frequency of the vote to each species as the fractional abundance of paired species or bare soil. This 930 

method was shown to yield FA maps with high accuracy (6.7% < RMSE< 18.7% and 0.65 < R2 < 0.96) when 

it was applied to the WorldView-2 data acquired for San Felice marsh. In addition, this method performs 

better than the previous ones based on Random Forest Regression (Immitzer et al., 2018). 

 

PAPER 935 

Assessing the fractional abundance of highly mixed salt-marsh vegetation using Random Forest soft 

classification 
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4 Department of Biological, Geological, and Environmental Sciences, University of Bologna, via S. 945 
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Abstract: Coastal salt marshes are valuable and critical components of tidal landscapes, currently threatened 

by increasing rates of sea level rise, wave-induced lateral erosion, decreasing sediment supply, and human 

pressure. Halophytic vegetation plays an important role in salt-marsh erosional and depositional patterns and 

marsh survival. Mapping salt-marsh halophytic vegetation species and their fractional abundance within 950 

plant associations can provide important information on marsh vulnerability and coastal management. 

Remote sensing has often provided valuable methods for salt-marsh vegetation mapping; however, it has 

seldom been used to assess the fractional abundance of halophytes. In this study, we developed and tested a 

novel approach to estimate fractional abundance of halophytic species and bare soil that is based on Random 

Forest (RF) soft classification. This approach can fully use the information contained in the frequency of 955 
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decision tree ‘votes’ to estimate fractional abundance of each species. Such a method was applied to 

WorldView-2 (WV-2) data acquired for the Venice lagoon (Italy), where marshes are characterized by a 

high diversity of vegetation species. The proposed method was successfully tested against field observations 

derived from ancillary field surveys. Our results show that the new approach allows one to obtain high 

accuracy (6.7% < RMSE< 18.7% and 0.65 < R2 < 0.96) in estimating the sub-pixel fractional abundance of 960 

marsh-vegetation species. Comparing results obtained with the new RF soft-classification approach with 

those obtained using the traditional RF regression method for fractional abundance estimation, we find a 

superior performance of the novel RF soft-classification approach with respect to the existing RF regression 

methods. The distribution of the dominant species obtained from the RF soft classification was compared to 

the one obtained from a RF hard classification, showing that numerous mixed areas are wrongly labeled as 965 

populated by specific species by the hard classifier. As for the effectiveness of using WV-2 for salt-marsh 

vegetation mapping, feature importance analyses suggest that Yellow (584 – 632 nm), NIR 1 (765-901 nm) 

and NIR 2 (856 – 1043 nm) bands are critical in RF soft classification. Our results bear important 

consequences for mapping and monitoring vegetation-species fractional abundance within plant associations 

and their dynamics, which are key aspects in biogeomorphic analyses of salt-marsh landscapes. 970 

Keywords: Halophytic vegetation; Fractional abundance; Random Forest; Unmixing; Percentage cover 

3.1 Introduction 

Salt-marsh ecosystems are transition zones between aquatic and terrestrial systems and provide critical 

ecological and geomorphological functions in tidal landscapes (D’Alpaos et al., 2007b; Fagherazzi et al., 

2012; FitzGerald and Hughes, 2019; Cronk; MS, 2001; Marani et al., 2006a). Salt-marsh ecosystems host 975 

high primary productivity (Mitsch and Gossilink, 2000; Morris and Haskin, 1990; Zedler and Kercher, 

2005), attenuate waves, protect coastal areas from storms (Howes et al., 2010; Loder et al., 2009; Möller et 

al., 2014; Möller and Spencer, 2002; Silinski et al., 2016), and act as important global carbon sinks (Chmura 

et al., 2003; FitzGerald and Hughes, 2019; Kirwan and Mudd, 2012; McLeod et al., 2011; Mudd et al., 2009; 

M. Roner et al., 2016). Unfortunately, salt marshes are also threatened by accelerating sea-level rise, reduced 980 

sediment availability at the coast, wind-wave erosion, and human interventions, especially in recent decades. 

Salt-marsh deterioration is a consequence of lateral erosion (Leonardi et al., 2016; Marani et al., 2011a; 

Mariotti and Fagherazzi, 2013; Tommasini et al., 2019) and retreat in the horizontal plane (D’Alpaos et al., 

2011; Kirwan and Murray, 2007; Marani et al., 2011b; Balke et al., 2016), although these processes are 

rarely studied in a coupled way (Hopkinson et al., 2018; Mariotti and Carr, 2014; Yousefi Lalimi et al., 2020, 985 

2017). 

Halophytic vegetation populates marsh areas between mean sea level (MSL) and mean high tide (MHT) 

(Kirwan and Guntenspergen, 2010). Halophytes can strongly influence erosional and deposition processes, 

by reducing flow velocity, by attenuating waves, and by trapping suspended sediments (Bouma et al., 2007; 

Brisson et al., 2014; Fagherazzi et al., 2012; Leonard and Croft, 2006; Leonard and Luther, 1995; Marani et 990 

al., 2010a; Mudd et al., 2010). Indeed, halophytes can support salt-marsh survival through biomorphic 
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feedbacks, increasing organic and inorganic deposition (D’Alpaos et al., 2011; D’Alpaos and Marani, 2016; 

Kirwan et al., 2016a, 2010; Kirwan and Murray, 2007; Marani et al., 2007; Morris et al., 2002). Vegetation 

spatial patterns are characterized by sharply-defined patches of typical species associations (Belluco et al., 

2006; Costa et al., 2003; Marani et al., 2013; Moffett et al., 2012, 2010; Pennings et al., 2003; Ratliff et al., 995 

2015; Silvestri et al., 2005; Wijnen et al., 1997). This spatial organization, or zonation, can be attributed to 

the adaptation of halophytes to edaphic conditions (Adams and Bate, 1995; Álvarez Rogel et al., 2001; 

Bockelmann et al., 2002; Fariña et al., 2018; Marani et al., 2006b, 2004; Moffett and Gorelick, 2016; Silvestri 

and Marani, 2004; Watson and Byrne, 2009), species competition (Marani et al., 2006c; Steven C Pennings 

et al., 2005; Steven C. Pennings and Callaway, 1992; Strain et al., 2017), and the capability of halophytes to 1000 

engineer salt-marsh landscapes via biogeomorphic feedbacks (D’Alpaos and Marani, 2016; Da Lio et al., 

2013; Marani et al., 2013; Ratliff et al., 2015). 

Fractional abundance, i.e. the fraction of the area – projected on the horizontal plane – occupied by plants of 

a given species, is an important indicator of vegetation distribution (Silvestri et al., 2005), with strong links 

to biomass and salt-marsh surface geomorphology (M. Roner et al., 2016) and its time evolution (D’Alpaos 1005 

and Marani, 2016; Da Lio et al., 2013; Fagherazzi et al., 2012; Marani et al., 2013; Morris et al., 2002; 

Taramelli et al., 2018; Temmerman et al., 2007; Zhu et al., 2020). Fractional abundance of bare soil is also 

an important property of the marsh landscape that has been connected to the marsh sediment budget and 

marsh vulnerability (Ganju et al., 2017; Ladd et al., 2019). Hence, accurate vegetation and bare soil mapping 

is of central interest to understand marsh dynamics and to support coastal management strategies. 1010 

Due to the profound influence of halophytic vegetation on ecological and geomorphological processes and 

their spatial and temporal dynamics (Bernhardt and Leslie, 2013; Kirwan et al., 2016a; Kirwan and 

Guntenspergen, 2012; Koppel et al., 2005; Morris et al., 2002; Silvestri et al., 2005; Van der Wal et al., 

2008), analyses of the fractional abundance of salt-marsh vegetation species are required over a large range 

of spatial scales, from the local (plant) scale to the whole-marsh scale (up to several km2). Remote sensing 1015 

is an ideal tool to obtain this type of quantitative information and there is an ever-growing amount of research 

work focusing on the application of remote sensing methods to map the fractional abundance of halophytic 

vegetation in space and time (Artigas and Yang, 2006; Belluco et al., 2006; Berhane et al., 2019; Gilmore et 

al., 2008b; Van der Wal et al., 2008; Wang et al., 2007). 

Classification methods applied to salt marshes have been developed for and applied to multi- and 1020 

hyperspectral remote sensing data in a diverse set of biomes worldwide (Berhane et al., 2019; Costa et al., 

2017; Cutler et al., 2007; Goodin et al., 2015; Kulkarni and Lowe, 2016; Kumar et al., 2017; Pal, 2005). The 

large majority of previous approaches to halophytic vegetation mapping determined vegetation abundance 

by identifying the dominant species in each pixel, using traditional supervised and unsupervised 

classification algorithms (Belluco et al., 2006; Berhane et al., 2019; Campbell et al., 2017; Marani et al., 1025 

2006a; Moffett et al., 2015; Silvestri et al., 2003; Van Beijma et al., 2014). Nonparametric mapping methods, 

such as Random Forest (RF) algorithms, have also been applied to halophytic vegetation mapping in the 
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form of pixel-based (Timm and McGarigal, 2012; Van Beijma et al., 2014) and object-based methods 

(Berhane et al., 2019; Campbell et al., 2017; Juel et al., 2015). However, halophytic vegetation species are 

highly mixed at the scale of typical satellite sensor resolutions (order of 0.5-1 m) such that the use of hard 1030 

classification approaches, which attempt to associate a single dominant species to each pixel, is hardly 

justified. Yet, the number of studies focusing on retrieving the fractional abundance of halophytic vegetation 

species and bare soil at the sub-pixel scale, i.e. the problem of unmixing, is still limited (Silvestri et al., 2003; 

Taramelli et al., 2018). This is a clear gap that hinders the usefulness of remote sensing retrievals of 

vegetation distribution and change in salt-marsh studies. Here we contribute to filling this gap by developing 1035 

and applying a novel RF-based soft classification method to infer relative species abundance at the sub-pixel 

scale. 

Wang et al. (Wang et al., 2007) used artificial neural network models to map the fractional abundance of 

species within associations in salt-marsh landscapes. Artificial neural networks, however, require relatively 

a time-consuming training phase and the definition and identification of their parameters can be a difficult 1040 

task. Additionally, artificial neural network performance heavily depends on their structure and design 

(Verrelst et al., 2015), i.e., the number of layers and neurons can significantly influence the accuracy of the 

method, such that it is difficult to provide a general neural network architecture that can be easily applied in 

different environments furthermore populated by different species. 

RF algorithms (Breiman, 2001) have been applied to detect land-use fractional cover (Immitzer et al., 2018; 1045 

Sanpayao et al., 2017). However, to our knowledge, the RF approach has never been applied to estimating 

the fractional abundance of salt-marsh halophytic species at the sub-pixel scale. Because marsh vegetation 

species are particularly highly-mixed, here we wonder whether the RF methods may have the ability to 

provide reliable unmixing results. Furthermore, typical applications of the RF unmixing method to other 

environments separately estimate single species abundances through regression and subsequently normalize 1050 

them to sum to 100% (Immitzer et al., 2018). This leads to increased estimation errors, which may be avoided 

if the RF formulation were better leveraged. To address the latter issue, in this work, we propose a new 

approach which uses the frequency with which individual ‘trees’ in the RF assign a pixel to each species as 

reflective of its relative abundance at the sub-pixel scale. This new approach substantially differs from 

previous analyses based on the RF regression algorithm to estimate fractional abundance at the sub-pixel 1055 

level, because those analyses do not take advantage of the information contained in the individual tree 

“votes” and rely on empirical regressions based on field observations. Towards the goal of improving current 

capability to accurately map fractional abundance of halophytic vegetation in space and time in salt-marsh 

landscapes, we first explored the possibility of applying the new algorithm based on RF soft classification 

and then compared the performance of the newly proposed approach to that characterizing existing RF 1060 

regression methods. 
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Figure 3. 1: Research area: the top panels show the map of the Venice lagoon and the position of the San 

Felice salt marsh; the bottom panel shows the map of the San Felice marsh acquired by WV-2 (Red Edge, 

Central Wavelength: 724 nm) in 2019 and the positions of the Regions Of Interest (ROIs). 1065 

 

Figure 3. 2: The Workflow of the present study. 
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3.2 Methods  

3.2.1. Study site – the San Felice salt marsh (Venice lagoon, Italy) 

The Venice lagoon (top panels in Figure 3.1) is located in northeastern Italy and is connected to the Adriatic 1070 

Sea by three inlets: Lido, Malamocco, and Chioggia. The main rivers that used to debouch into the lagoon 

were diverted directly to the sea in the XVI-XIX centuries (D’Alpaos, 2010), and only a few small rivers 

now remain, carrying modest amounts of freshwater and sediments into the lagoon. The Venice lagoon has 

an area of about 550 km2 and is characterized by a semidiurnal tide with an average tidal range of about 1.0 

m and a maximum spring tidal range of approximately 1.5 m (D’Alpaos et al., 2013; Silvestri et al., 2018). 1075 

The present study focuses on the San Felice salt marsh (bottom panel in Figure 3.1), one of the most naturally 

preserved areas within the northern part of the lagoon, close to the Lido inlet. The San Felice marsh is 

characterized by relatively healthy vegetation conditions (Marani et al., 2003c; M. Roner et al., 2016) and is 

colonized by halophytic vegetation associations dominated by the following species: Salicornia veneta 

(hereafter ‘Salicornia’), Spartina maritima (hereafter ‘Spartina’), Limonium narbonense (hereafter 1080 

‘Limonium’), Sarcocornia fruticosa (hereafter ‘Sarcocornia’) and Juncus maritimus (hereafter ‘Juncus’) 

(Belluco et al., 2006; Silvestri et al., 2005, 2002; Wang et al., 2007). Silvestri et al. (Silvestri et al., 2005) 

reported that each species occupies a preferential range of possible elevations, thus leading to a typical 

species sequence with increasing elevation. Moreover, due to the strong link between marsh elevation and 

distance to channels (D’Alpaos and Marani, 2016), the distribution of halophytic species also varies from 1085 

the channel edges to the inner portions of the marsh. Specifically, Salicornia and Spartina are preferably 

found in the lowest areas (inner portions of the marsh), Limonium tends to occupy intermediate marsh 

elevations, and Sarcocornia is more likely to colonize higher marsh areas, close to marsh edges. Juncus 

tends to develop where creeks bring litter and organic matter accumulates over time. In general, the density 

of halophytic vegetation decreases with distance to marsh edges (M. Roner et al., 2016). 1090 

As mentioned above, halophytic vegetation distribution is strongly linked to marsh morphology through a 

landscape-forming bio-morphologic process, and species are associated with (possibly overlapping) 

characteristic elevation ranges (Marani et al., 2013; Silvestri et al., 2005), the result of species adaption to 

edaphic factors (Adams and Bate, 1995; Moffett and Gorelick, 2013; Pennings et al., 2003) and of 

interspecific competition (Morris, 2006; Steven C Pennings et al., 2005). Productivity and bio-diversity of 1095 

halophytic vegetation are also linked to elevation (Janousek et al., 2016; Kirwan and Guntenspergen, 2012; 

Morris et al., 2002). The presence of these links between morphological and ecological patterns highlights 

the great value of robust fractional-abundance mapping methods to monitor and analyze salt-marsh bio-

morphodynamics. This suggests that robust fractional abundance mapping algorithms are of critical 

importance to analyze halophytic vegetation distribution patterns and temporal dynamics at large spatial 1100 

scales (indicatively 10 m – 10,000 m). 
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Finally, halophytic vegetation distribution has been observed to change over time scales of a few years 

(Belluco et al., 2006; Schepers et al., 2017; Strain et al., 2017; Taramelli et al., 2018; Van der Wal et al., 

2008; Zhu et al., 2012), especially in the current accelerating sea-level rise scenario (Donnelly and Bertness, 

2002; Fagherazzi et al., 2019a; Feagin et al., 2010; Ge et al., 2016; Kirwan et al., 2016b). Hence, a proper 1105 

quantitative description of marsh vegetation space-time dynamics would greatly benefit from robust and 

highly repeatable quantitative mapping. 

3.2.2. Data sets 

3.2.2.1. WoldView-2 data 

We develop and test RF unmixing methods with application to WorldView-2 (WV-2) data. WV-2 sensors 1110 

include a panchromatic spectral band with a high spatial resolution (0.5 m) and 8 multispectral bands (Table 

3.1) with a lower spatial resolution (2 m), spanning 4 standard bands (red, green, blue, and near-infrared 1) 

and 4 other application-oriented bands (coastal, yellow, red edge, and near-infrared 2). The sensor acquires 

data from an altitude of about 770 km. The data analyzed in this study were acquired at 10:23:00 on Nov 7, 

2019. At the time of acquisition, the tidal level, measured at the Saline tide gauge station, close (about 3 km) 1115 

to the San Felice marsh, was about 0.76 m above the Punta della Salute datum. Because the current MSL is 

31 cm higher than the Punta della Salute datum, the water level was about 0.45 m above the MSL at the time 

of acquisition, which corresponds to water depths ranging between 0 and 30 cm over the marsh platform. 

Table 3. 1: WorldView-2 Spectral Band Edges and Center Wavelengths 

Band Name 
Center 

Wavelength (nm) 

Lower Band 

Edge (nm) 

Upper Band 

Edge (nm) 

Spatial 

Resolution (m) 

Panchromatic 627 447 808 0.5 

Coastal Blue 427 396 458 2.0 

Blue 478 442 515 2.0 

Green 546 506 586 2.0 

Yellow 608 584 632 2.0 

Red 659 624 594 2.0 

Red Edge 724 699 749 2.0 

NIR 1 833 765 901 2.0 

NIR 2 949 856 1043 2.0 

3.2.2.2. Field observations 1120 

Field vegetation mapping was performed on Jan 9, 2020. Twenty-four Regions Of Interest (ROIs, i.e. field 

areas used for training and validating the classification model), were selected, with areas ranging between 

18.0 m2 and 106.5 m2 (Table 3.2 and bottom panel in Figure 3.1). ROIs were randomly selected across the 

marsh to include all typical homogeneous associations of species that encroach the San Felice salt marsh. 

For each ROI the percentage cover of vegetation species and bare soil was estimated using the standard 1125 



48 

Braun-Blanquet visual method, which records the presence of each species by 10 intervals between 0% and 

100% (Belluco et al., 2006). The boundaries of the ROIs were accurately delimited through differential GPS 

(Leica CS15 in RTK mode, minimum accuracy of ±1 cm) (see Table 3.2 for ROI properties). ROIs were 

then overlaid on the WV-2 georeferenced image (using ArcGIS 10.5) and only pixels falling entirely within 

a ROI were used to build the classification dataset, which was then divided into two independent training 1130 

and validation subsets, as explained in Section 3.2.3 (Wang et al., 2007). 

Table 3. 2: Field measurements of fractional abundance of each class in the San Felice salt marsh (Venice, 

Italy). Jun = Juncus, Lim = Limonium, Sali = Salicornia, Sarc = Sarcocornia and Spar = Spartina, 

ROI 
Area 

(m2) 

Fraction (100%) 

Jun Lim Sali Sarc Soil Spar 

1 25.1 -- 5 -- 95 -- -- 

2 106.5 -- 80 -- 20 -- -- 

3 44.8 -- 80 -- 20 -- -- 

4 18.7 -- 15 -- 85 -- -- 

5 28.4 -- 80 -- 20 -- -- 

6 55.0 -- 40 -- 60 -- -- 

7 18.2 -- -- 80 -- 20 -- 

8 23.6 -- -- -- 100 -- -- 

9 30.4 -- -- 80 -- 20 -- 

10 48.2 100 -- -- -- -- -- 

11 28.7 100 -- -- -- -- -- 

12 58.2 -- -- -- -- 100 -- 

13 56.1 -- -- -- -- 100 -- 

14 41.3 -- -- -- 100 -- -- 

15 22.2 -- 50 -- 50 -- -- 

16 16.4 -- 10 -- -- 10 80 

17 43.1 -- 10 -- -- 10 80 

18 20.2 -- 60 -- -- 20 20 

19 18.0 -- -- 90 -- 10 -- 

20 31.6 -- 50 -- 50 -- -- 

21 28.6 -- 30 -- 30 10 30 

22 45.6 -- -- -- 100 -- -- 

23 58.9 -- 90 -- 10 -- -- 

24 68.4 -- 20 20 20 20 20 

3.2.2.3. WorldView-2 data preprocessing 

Even though the atmospheric correction may not influence the result and accuracy of classifications 1135 

(Hoffbeck and Landgrebe, 1994), we applied such a correction to obtain more accurate spectral information 

to favor the interpretation of the results, and for possible comparisons with past or future acquisitions. The 

Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) algorithm (Cooley et al., 2002; 

Matthew et al., 2002) was employed to perform atmospheric correction in Envi 5.4. In FLAASH, the ‘Mid-

Latitude Winter’ Atmospheric Model and the ‘Maritime’ Aerosol Model were used. Due to the lack of 1140 
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aerosol optical thickness data at the nearest AERONET station on the acquisition date 

(https://aeronet.gsfc.nasa.gov/) and good weather conditions, according to the instruction (Visual 

Information Solutions, 2009) the visibility was set to ‘Clear’, corresponding to 40 km. After atmospheric 

correction, the multi-spectral bands were pan-sharpened using the panchromatic band, which has a spatial 

resolution of 0.5 m, through the Gram-Schmidt Pan Sharpening algorithm (Maurer, 2013; Palubinskas, 1145 

2013). Both Atmospheric correction and pan-sharpening were performed in ENVI 5.4. Water bodies were 

masked based on negative values of the NDVI (Normalized Differential Vegetation Index) (Rouse et al., 

1974) derived from ‘NIR1’ and ‘Red’ channels (Table. 3.1). 

3.2.3. Algorithm description  

In this work, the RF algorithm is applied using the Scikit-learn package (Pedregosa et al., 2011), a freely-1150 

available machine learning library for the Python programming language. 

RF is a machine-learning algorithm based on the Decision Tree method (Breiman, 2001), which is being 

increasingly and successfully used in remote sensing analyses of vegetation species and habitats (Belgiu and 

Drăgu, 2016; Berhane et al., 2019; Immitzer et al., 2018, 2016; Pal, 2005; Van Beijma et al., 2014). RF 

classification is a supervised nonparametric classification method that makes predictions through a set of 1155 

decision trees (Breiman, 2001) which form a so-called “forest”. Each decision tree is composed of a set of 

internal nodes and terminal nodes. Given a set of pixels known to belong to different information classes 

(i.e. the different vegetation species in the present application), training is performed by feeding each tree 

with the input spectral reflectance and the associated class for each pixel. Training pixels (samples) are then 

split into two groups (‘left’ and ‘right’) at each node, based on so-called ‘best split’ binary rules (Breiman, 1160 

2001; Xu et al., 2005) and decreasing the Gini impurity index (G(I)), which is defined as : 

𝐺(𝐼) = 1 − ∑ 𝑝𝑖
2𝑛

𝑖=1 , (3.1) 

where 𝑝𝑖 is the frequency of occurrence of the ith class among the n total classes. G(I) represents the impurity 

level of information in the current node. Specifically, the highest value of G(I), G(I)=1-1/n, shows each class 

is equally distributed in this node, while the minimum value of G(I) shows all pixels in this node belong to 

one class. The best-split is chosen by maximizing the impurity decrease (ID), which can be expressed as: 1165 

𝐼𝐷 =  
𝑁𝑡

𝑁∗(𝐺(𝐼)−
𝑁𝑡𝑟

𝑁𝑡
∗𝐺(𝐼)𝑟𝑖𝑔ℎ𝑡−

𝑁𝑡𝑙

𝑁𝑡
∗𝐺(𝐼)𝑙𝑒𝑓𝑡)

, (3.2) 

where N is the total number of samples in the training set, Nt is the number of samples at the current node, 

Ntl is the number of samples in the left child node, and Ntr is the number of samples in the right child node, 

and the 𝐺(𝐼)𝑟𝑖𝑔ℎ𝑡 and 𝐺(𝐼)𝑙𝑒𝑓𝑡 are G(I) in the right and left child node respectively (Pedregosa et al., 2011). 

In a decision tree, the nodes will be split if this split induces a decrease in the impurity larger than or equal 

to a determined value, named ‘min impurity decrease’ (hereafter mid). The value of mid is pre-determined 1170 

https://aeronet.gsfc.nasa.gov/
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as 0, which is the default value in Scikit-learn package. If the growth of a tree is not bounded, the tree would 

keep growing until there is a terminal node for every single pixel. 

In the RF classification, a user-defined large number of decision trees (ntree) is chosen, but each tree has 

limitations in growth given by specific rules. In particular, each tree learns from a subset of pixels randomly 

selected from the training data set. Two-thirds of the pixels present in the training dataset are drawn with 1175 

replacement (i.e. bootstrapping) to construct each decision tree; thus decision trees are trained on different 

subsets of the data (Breiman, 2001). Each tree is fed with a subset of the training pixels, those that are left 

out (out of bag, OOB) are used as validation datasets to test the predictive ability of that individual tree. The 

proportion of times that OOB samples are incorrectly predicted is recorded and averaged over all cases to 

produce an OOB error estimate (OOB score). The OOB error estimation has been proven to be unbiased 1180 

(Breiman, 1996). 

The training process also makes it possible to evaluate the importance of each spectral band in reducing the 

classification error. Specifically, at each split, the decrease in G(I) is recorded for each band (Xi) that was 

used to form the split. The average of all decreases in the G(I) in the forest where band (Xi) is involved yields 

the Gini variable Importance Value (IV) (Archer and Kimes, 2008; Jiang et al., 2009; Menze et al., 2009). 1185 

Scikit-learn normalizes IVs of each band to a value between 0 and 1 by dividing by the sum of all importance 

values (Pedregosa et al., 2011). As for other supervised classification methods, the training dataset may come 

from ROIs selected in the image. If the ROIs contain mixed vegetation and bare soil areas, as it often happens 

with marsh sites, the RF classifier allows to include ‘sample weights’, which, in this study, correspond to 

the fractional abundance of different vegetation species and bare soil estimated for each ROI during field 1190 

surveys. Once ‘sample weights’ are defined, the split is determined by the weight of each class at the current 

node, instead of the number of samples. N, Nt, Ntr, and Ntl in equation (3.2) will be the sum of the weight 

of all species at their corresponding nodes. For example, a node including n pixels, in which fractional 

abundance belongs to ith species is Fi. N at this node can be obtained by 𝑁 = ∑ 𝐹𝑖𝑛 . Once this node acts as 

a mother node to split, the calculation of Nt, Ntr, and Ntl will follow the same method. Moreover, we use 1195 

another parameter, i.e. the ‘min weight fraction’, to control the split process. ‘Min weight fraction’ is defined 

by Pedregosa et al. (Pedregosa et al., 2011) as the minimum weighted fraction of the total sum of the weights 

(of all the input samples) at each child node. Here we prefer to interpret it as a threshold value to determine 

whether the child node should be created or not. Specifically, the weight fraction (wf) of each child node 

creation is defined as follows: 1200 

𝑤𝑓 =
𝑤𝑒𝑖𝑔ℎ𝑡𝑐ℎ𝑖𝑙𝑑

𝑤𝑒𝑖𝑔ℎ𝑡𝑚𝑜𝑡ℎ𝑒𝑟
, (3.3) 

where weightchild and weightmother are the weight sum of classes in the child and mother node, respectively. 

A child node whose wf is lower than ‘min weight fraction’ should not be created. In this study, the ‘min 

weight fraction’, is set to 0. The RF is trained based on the provided classes and sample weights (fractional 

abundances), generating the pruning decision trees. After the training, when an unknown pixel value is input 
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into the model, each decision tree assigns it to a specific class independently. This is usually explained by 1205 

saying that each tree “votes” for a class, thus suggesting the possibility to consider it as a voting process. 

The RF classifier records the number of votes associated with the classified pixel for all the classes and the 

pixel is usually assigned to the class with the highest number of votes. Instead of considering the final 

association of each pixel to the most-voted class, in this work, we consider the number of votes as the 

probability value that the pixel belongs to one specific class (Breiman, 2001), and then we interpret such 1210 

probability value as the sub-pixel relative fractional abundance.  

An important advantage of the RF classification is that it can manage a large number of input bands (Juel et 

al., 2015; Ma et al., 2017; Van Beijma et al., 2014) and minimize data dimensionality issues, such as the 

Hughes phenomenon (Belgiu and Drăgu, 2016), that makes the large amount of information contained in 

multispectral data difficult to exploit fully. Moreover, unlike some supervised parametric classifiers, such as 1215 

the Maximum Likelihood method which assumes data are normally distributed (Liu et al., 2011), RF is also 

capable of handling multi-modal datasets, whose variables display more than one maximum in their 

probability distribution (Belgiu and Drăgu, 2016). 

In this work, in order to test the accuracy of our results, we have randomly divided the original dataset into 

two independent groups, i.e. 75% of the pixels (2804 pixels) from the ROIs were used for model training 1220 

and 25% of the pixels (935 pixels) were used for testing. Sample weights of training data were passed to the 

model according to fractional coverages of vegetation species recorded in the field. At the end of the process, 

we assumed that the predicted probability of each vegetation class (i.e. species) equals its fractional 

abundance. Results were validated using the fractional abundance of the validation dataset and the error for 

each vegetation species was calculated. 1225 

With the purpose of verifying the effectiveness of this new approach based on RF soft classification for sub-

pixel fractional abundance assessment, we used the same dataset to train and test a traditional RF regression 

method. The workflow of this study is shown in Figure 3.2. 

Similarly to the RF classification, the RF regression is an ensemble of decision trees, and it is based on the 

assumption that the relationship between input variables (spectral reflectance) and sub-pixel fractional 1230 

abundance can be described through a non-linear correspondence (Breiman, 2001). Following the above 

description of RF classification, it is easy to understand the processes of RF regression, which shares many 

of the advantages of the RF classifier. RF regression is always characterized by a relatively low risk of 

overfitting, compared with other regression methods, especially the Decision Tree regression. Similar to its 

classification counterpart, RF regression can provide a relatively unbiased evaluation of the model (through 1235 

OOB information). In the RF regression process, the same training and validation datasets of RF soft 

classification were used to construct and test the RF regression model. 

The main steps of the RF regression are: 1) the RF generates a regression model for each vegetation species 

based on the training dataset; 2) for each unknown pixel, the RF regression model is used to predict the 
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fractional abundance of vegetation species and soil, and the prediction error is calculated using the validation 1240 

dataset; 3) the results obtained for each pixel are then rescaled to sum to unity because the method predicts 

vegetation fractional abundance separately for each vegetation species; 4) the accuracy of the predicted 

percentage for each class (obtained in Step 3) is again quantified using the validation dataset. 

Considering that traditional approaches to mapping halophytic vegetation usually assign pixels to the 

dominant species (Belluco et al., 2006; Marani et al., 2006a, 2003c; Van Beijma et al., 2014) and that some 1245 

of species associations are dominated by one species, we used the fractional abundance maps obtained with 

the RF soft classification method to produce a map of the most abundant halophytic species across the study 

site. Specifically, the pixels with percentage cover larger than 60% were considered as colonized by the 

dominant species (Belluco et al., 2006). The results were then compared to a map obtained using a RF hard 

classification trained using only ROIs characterized by relative homogeneous vegetation communities (or 1250 

bare soil) with the dominant species (or soil) covering more than 60% of the area. A dataset of 2829 pixels 

was used, but to allow for error assessment, it was randomly divided into two groups: 2121 pixels (about 

75% of the dataset) were used in model training and 708 pixels (about 25% of the dataset) were used in 

model validation. We notice that the number of data used for the hard classification is smaller than that used 

for soft classification and regression because hard classification just includes pixels with percentage cover 1255 

greater than 60% (Belluco et al., 2006) while all pixels are used in soft classification and regression 

processes. 

3.2.4. Estimation of accuracy 

The confusion Matrix was used to evaluate the performance of the hard classification, which can provide 

Overall Accuracy (A), describing the ratio between the number of correctly classified validation points and 1260 

the total number of validation points irrespective of the class (Foody, 2002). We also used the Kappa 

coefficient, K, which is defined by the proportion of correctly classified validation sites after random 

agreements are removed (Rosenfield, 1986). The root-mean-square error (RMSE) and the coefficient of 

determination (R2) between predicted fractional abundance and test data were calculated for each class to 

estimate model performance: 1265 

RMSE = √∑ (𝑦𝑖−�̂�𝑖)𝑛
𝑖=1

2

𝑛
, (3.4) 

𝑅2 =
∑ (�̂�𝑖−�̅�)2𝑛

𝑖=1

∑ (𝑦𝑖−�̅�)2𝑛
𝑖=1

, (3.5) 

where 𝑦𝑖 is the ground referential value, �̂�𝑖 represents the predicted value, 𝑦 is the average of the observed 

values, and n is the number of test points.  

3.3 Results 

3.3.1. Selection of ntree 
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In this work we selected ntree based on the accuracy of hard classification, testing the overall Accuracy (A) 1270 

variations when the number of trees ranged from 10 to 1000. Figure 3.3 shows the results obtained when the 

number of trees is in the 10 to 1000 range. We notice that the training accuracy A rapidly increases and stays 

stable once ntree is larger than 150. The steady increase of A with ntree can be attributed to the reduced risk 

of overfitting. Indeed, the peak value of A is approached when ntree ranges from 460 to 490. Because the 

RF is a computationally efficient algorithm and a larger ensemble of trees can reduce the risk of overfitting, 1275 

ntree should be set as large as possible (Guan et al., 2013). Considering that several applications of the RF 

to remote sensing image classification used ntree = 500 (Díaz-Uriarte and Alvarez de Andrés, 2006; Ghosh 

et al., 2014; Immitzer et al., 2018, 2012), we decided to use ntree close to 500 to compare the results obtained 

with our method to those from previous analyses. We thus select ntree equal to 490, which is close to the 

value used in previous studies and also provides the highest value of A in this study. Even though ntree was 1280 

selected based on RF hard classification, to consistently compare the results, we have maintained ntree = 

490 also for RF soft classification and RF regression. 

 

Figure 3. 3: Overall accuracy (A) of hard classification variations as a function of the number of trees 

(ntree). 1285 

3.3.2. Fractional abundance based on RF soft classification method  

As discussed in the Methods section, we use the number of votes resulting from the RF soft classification to 

determine the probability of each vegetation species. The main advantage of this new approach is that, for 

each pixel, the sum of the predicted probability of each class is equal to 100%. Indeed, by assuming that the 

probability of each species represents its fractional abundance, there is no need to rescale the abundance of 1290 

the different species. This is consistent with the collection of ancillary data because we emphasize that the 
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method used in the field for determining the fractional abundance (i.e. the Braun-Blanquet visual method, 

commonly used in ecology) is also essentially related to the occurrence probability of each class.  

Maps of fractional coverage of Juncus, Limonium, Salicornia, Sarcocornia, Soil, and Spartina generated 

using the RF soft classification method are shown in Figure 3.4, while Table 3.3 shows R2 and RMSE for 1295 

fractional abundance. We notice that the R2 and RMSE values for the RF soft classification range from 0.652 

to 0.956 and from 6.753 to 18.667, respectively. This suggests that the RF soft classification method can 

successfully predict the fractional abundance of each species and bare soil.  

 

Figure 3. 4: Maps of fractional abundance of each species and bare soil obtained based on the RF soft 1300 

classification method. Light blue areas represent water. 

Table 3. 3: Accuracy information for RF soft classification. Jun = Juncus, Lim = Limonium, Sali = 

Salicornia, Sarc = Sarcocornia and Spar = Spartina: 

Classes R2 RMSE 

Jun 0.896 8.971 

Lim 0.784 15.522 

Sali 0.652 11.870 

Sarc 0.715 18.667 

Soil 0.956 6.753 

Spar 0.884 7.069 

3.3.3. Subpixel classification through RF regression method 
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It has been shown that RF regression can perform well for vegetation species mapping when ntree is large 1305 

(for example 500 trees) (Immitzer et al., 2018). To compare the performance of the RF regression method 

with the soft method, 490 decision trees (i.e. ntree = 490) were used to predict the abundance of the six 

vegetation species individually. Table 3.4 provides the accuracy retrieved for each class, showing that R2 

and RMSE range from 0.74 to 0.98 and from 4.5 to 15.0, respectively. These results confirm that the RF 

regression is an accurate predictor of percentage for each class when we consider one class at a time (Figure 1310 

3.5). However, once the predicted abundance of each class is simply rescaled to 100% (i.e., the percentage 

values of the classes are rescaled to sum to 100% for each pixel), the accuracy decreases (Table 3.4), 

suggesting that the RF regression method may not be suitable to provide quantitative information on the 

fractional abundance for highly mixed vegetation species. Because of their low accuracy, the rescaled 

fractional abundance maps are not shown in this paper. 1315 

 

Figure 3. 5: Maps of the individually predicted abundance of vegetation species obtained based on the RF 

regression. Light blue areas represent water. 

Table 3. 4: Accuracy information for RF regression. Jun = Juncus, Lim = Limonium, Sali = Salicornia, 

Sarc = Sarcocornia and Spar = Spartina. 1320 

Classes 
Unrescaled Rescaled 

R2 RMSE R2 RMSE 

Jun 0.917 8.018 0.547 18.713 

Lim 0.943 8.120 0.342 27.602 

Sali 0.738 10.987 0.140 19.901 

Sarc 0.814 15.033 0.201 31.131 
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Soil 0.975 4.984 0.579 20.465 

Spar 0.950 4.528 0.397 15.784 

3.3.4. RF hard classification 

Figure 3.6 shows the results of a RF hard classification with ntree = 490, trained with the same dataset used 

for the RF soft classification (Figure 3.6a). The OOB, A, and Kappa of the RF hard classification are 0.96, 

0.97, and 0.96, respectively. Figure 3.6b shows a majority map created using fractional abundance predicted 

by the RF soft classification, i.e. a map that shows the spatial distribution of species with fractional 1325 

abundance higher than 60%. Black pixels in the map indicate the highly-mixed locations, where the 

percentage cover of all classes is lower than 60%. The Confusion Matrix for the RF hard classifier is 

displayed in Table 3.5. Our results show that the RF hard classifier can efficiently distinguish different 

vegetation associations based on the dominant species and bare soil.  

 1330 

Figure 3. 6: Maps for dominant species and soil: (a) RF hard classification map results; (b) majority map 

based on RF soft classification. 

Table 3. 5: Confusion Matrix for WV-2 classification of San Felice marsh through Random Forest (RF) 

hard classifier. Jun = Juncus, Lim = Limonium, Sali = Salicornia, Sarc = Sarcocornia and Spar = Spartina. 

Classes 
Test areas (pixel) 

Jun Lim Sali Sarc Spar Soil total 

Jun 78 0 0 1 0 0 79 

Lim 0 234 0 4 0 0 238 

Sali 0 0 60 6 0 0 66 

Sarc 2 2 6 146 0 0 156 

Spar 0 0 0 1 108 0 109 

Soil 0 0 0 0 0 60 60 

total 80 236 66 158 108 60 708 

3.4 Discussion 1335 

We developed and tested a new method that uses the frequency with which an individual ‘tree’ in a RF 

algorithm assigns a pixel to each species as reflecting the fractional abundance of the corresponding species. 

A comparison of results from the new algorithm to those from existing RF regression methods ( Liu et al., 

2017; Liu et al., 2017; Schwieder et al., 2014) shows a superior performance of the proposed method (Table 

3.3), which thus constitutes a powerful method for the analysis of vegetation patterns and their dynamics in 1340 

salt-marsh landscapes. 
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3.4.1. Halophytic vegetation distribution patterns on the San Felice marsh 

The application of the new method of vegetation abundance mapping to marshes in the Venice lagoon allows 

the quantitative description of some characteristic patterns exhibited by halophytic vegetation.  Figure 3.4 

(a) shows that Juncus is more likely to populate marsh edges, while Limonium and Sarcocornia (Figs. 3.4b 1345 

and d) tend to compete for the same area, located at a moderate distance from the tidal channels. Figures 3.4 

(c) and (f) show that Salicornia and Spartina tend to cover the inner portions of the marsh. Such patterns 

nicely agree with those documented through field observations (Belluco et al., 2006; Silvestri et al., 2005). 

Indeed, as discussed in Section 3.2, halophytic vegetation distribution is associated with salt-marsh surface 

morphology. Silvestri et al. (Silvestri et al., 2005) showed that, in the study marsh considered, Spartina 1350 

colonizes the inner and lower part of the marsh, Limonium and Sarcocornia are more likely to be observed 

at intermediate surface elevations, and Juncus tends to occupy higher-elevation marsh areas. Indeed, the 

fractional abundance of each species has been considered as an indicator of marsh morphology (Silvestri and 

Marani, 2004) and of distance to channels (Sanderson et al., 2001). Consistently with observational evidence 

(Marani et al., 2006a; Silvestri et al., 2005; Silvestri and Marani, 2004; Wang et al., 2007) maps of fractional 1355 

abundance of each species provided by the “soft” RF algorithm (Figure 3.4) emphasize the clear link between 

vegetation distribution and marsh surface morphology, which is strongly related to the distance to main 

channels representing the source of sediments delivered to the platform (D’Alpaos et al., 2007a). Indeed, 

inner marsh portions, that are mainly occupied by Salicornia and Spartina (Figures. 3.4c and f), display 

lower elevations; areas at moderate distance to the channels, that are encroached by Limonium and 1360 

Sarcocornia, (Figures. 3.4b and d) are characterized by intermediate surface elevations; and finally marsh 

edges, which are mainly occupied by Juncus, are characterized by higher elevations. The link between plant 

distribution and marsh morphology, described in Figure 3.4 is consistent with observational evidence (M. 

Roner et al., 2016; Silvestri and Marani, 2004), and therefore further confirms the robustness of the RF soft 

classification. The repeated application of the novel soft RF algorithm to a temporal series of remote sensing 1365 

data from the same marsh can thus allow a quantitative and repeatable monitoring of marsh eco-

morphodynamic processes.  

3.4.2. The RF soft method performance compared to existing regression models 

It is worth recalling that the RF regression method (Liu et al., 2017; Liu et al., 2017; Lopatin et al., 2016; 

Melville et al., 2019; Schwieder et al., 2014), after simply rescaling abundance of each class to sum to 100%, 1370 

was observed to perform well when applied, e.g., to map fracitonal abundance of tree species in Bavaria 

(Germany) (0.72 < R2 < 0.82) (Immitzer et al., 2018) and plant types (0.47 < R2 < 0.78) in east Asia steppe 

(China, Mongolia, and Russia) (X. Liu et al., 2017). However, in our case the accuracy of the RF regression 

model was not satisfactory (0.14 < R2 < 0.58). This relatively worse performance, can be probably attributed 

to the high small-scale heterogeneity that characterizes marsh vegetation. In particular, the number of classes 1375 

in Bavaria (2 tree species and 1 class labeled as ‘other’ considered in (Immitzer et al., 2018)) and in east 

Asia steppe (2 plant types: woody and herbaceous) was lower than that of the Venice lagoon (5 vegetation 
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species and 1 class representing the bare soil on the marsh). Furthermore, the renormalization of RF 

regression results summing to 100%, which is necessary to obtain fractional abundances, is likely to increase 

the estimation error (Table3. 4 and Figures 3.7-9). Indeed, as Immitzer et al. (Immitzer et al., 2018) reported 1380 

when they estimated fractional abundance of tree species in Bavaria via the RF regression, the highest value 

of the sum of the relative abundance of the three considered classes in each pixel was about 102%, while 

such a value increased to more than 200% in our case. It should be noticed that the renormalization process 

in the application of the RF regression is performed in this study by assuming that all RF regression models 

for single species contribute equally, e.g. considering that the sum of the predicted abundance is 100 % 1385 

(Guerschman et al., 2015). In order to improve the accuracy of the RF regression, a weighted contribution 

of each model on the basis of the documented vegetation distribution patterns could be considered. 

Figures 3.7-9 and Table 3.4 suggest that, although the RF regression model predicts reasonably the relative 

distribution of each class taken separately, the method that is usually adopted (Immitzer et al., 2018; Liu et 

al., 2017; Liu et al., 2017; Melville et al., 2019) can hardly be applied to accurately estimate the fractional 1390 

abundance of each species in the case of highly mixed species. Values of R2 and RMSE for fractional 

abundance derived from RF soft classification and RF regression respectively (Tables 3.3 and 3.4), suggest 

that the RF soft classification performs slightly worse than RF regression for single classes, while its 

performance is considerably higher compared to the rescaled RF regression method. Figures 3.7-9 show the 

outcome of the test performed to compare field observations with the results obtained with the three different 1395 

methods (RF soft classification, RF regression, and rescaled RF regression models) for Juncus and Limonium 

(Figure 3.7), Salicornia and Sarcocornia (Figure 3.8), Soil and Spartina (Figure 3.9) and highlight that the 

RF soft classification method performs much better than the rescaled RF regression method.The superior 

performance of the RF soft classification can be attributed i) to the full use of the information provided by 

each decision tree; and ii) to the simultaneous consideration of all classes  which avoids the need to perform 1400 

ad hoc renormalizations. 
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Figure 3. 7: Validation results for Juncus and Limonium: (a) and (d) are predicted probabilities (x-axis) 

plotted against the validation data; (b) and (e) are regression results (x-axis) plotted against the validation 

data; (c) and (f) are rescaled regression results (x-axis) plotted against the validation data. Red dots 1405 

represent the mean of the predicted percentage using the RF soft classification. 
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Figure 3. 8: Validation results for Salicornia and Sarcocornia: (a) and (d) are predicted probabilities (x-

axis) plotted against the validation data; (b) and (e) are regression results (x-axis) plotted against the 

validation data; (c) and (f) are rescaled regression results (x-axis) plotted against the validation data. Red 1410 

dots represent the mean of the predicted percentage using the RF soft classification. 
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Figure 3. 9: Validation results for Soil and Spartina: (a) and (d) are predicted probabilities (x-axis) plotted 

against the validation data; (b) and (e) are regression results (x-axis) plotted against the validation data; (c) 

and (f) are rescaled regression results (x-axis) plotted against the validation data. Red dots represent the 1415 

mean of the predicted percentage using the RF soft classification. 

3.4.3. Drawbacks of dominant species maps 
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Due to the high biodiversity of halophytic vegetation species on marshes, we argue that traditional hard 

classification methods (i.e., where classifiers tend to associate each pixel to an individual species or to bare 

soil) (Belluco et al., 2006; Van der Wal et al., 2008) cannot provide accurate information on vegetation 1420 

distribution. Indeed, pixels (whose size is in the order of 0.5 - 1 m) in remote sensing images are often 

composed of highly mixed vegetation associations (Silvestri and Marani, 2004; Wang et al., 2007), 

particularly over salt marshes.The results obtained with the hard classification (Figure 3.6a) allow us to 

perform a further analysis of the results obtained with the RF soft classification (Figure 3.6b). Specifically, 

we notice that the position of patches occupied by dominant classes agrees quite well with those obtained 1425 

with a RF hard classification, thus suggesting the robustness of the RF soft method. Furthermore, we notice 

that some large mixed areas, composed by more than one species (or bare soil), cannot be detected by the 

hard classification method. These areas are mostly located in the inner portions of the marsh, where 

topographic elevations are relatively low (M. Roner et al., 2016; Silvestri et al., 2005) and inner species 

(Salicornia and Spartina) are always mixed with bare soil. Finally, we also notice that mixed areas are 1430 

observed in Limonium- dominated areas in the hard classification results. This can be attributed to the fact 

that Limonium and Sarcocornia tend to colonize the same areas.  

We further compared our results to those obtained by Belluco et al. (Belluco et al., 2006) using ML 

(Maximum Likelihood) and SAM (Spectral Angle Mapper) hard classifiers applied to a 2001 IKONOS 

dataset over the same study site. The map obtained with the RF hard classification and the majority map 1435 

obtained from the RF soft classification are both very similar to that of ML and slightly better than its SAM 

counterparts, based on the comparison of A and Kappa, indicating that RF is a reliable classifier for 

halophytic species.  

We therefore conclude that, in highly mixed vegetation environments like salt marshes, traditional hard 

classification methods do not provide sufficient information on species distribution since they must 1440 

necessarily label mixed areas with the dominant species. On the contrary, soft classification methods, when 

properly applied, provide essential information about species presence (also within mixed pixels). Majority 

maps obtained by from RF soft methods are consistent with those produced with hard classification methods, 

lending further support to the method introduced here. 

3.4.4. Feature importance analyses 1445 

An advantage of the RF algorithm is that it allows the quantification of the importance of each spectral band 

(i.e. feature) used in the classification. In our case, we analyzed IV values of each WV-2 band for the 

detection of salt marsh vegetation and bare soil. As for the hard classification method, Figure 3.10 (a) shows 

that the Yellow band (Wavelength: 584 – 632 nm) is the most important band among those provided by WV-

2. One possible explanation for this could be that the Yellow band facilitates the detection of bare soil, which 1450 

has higher reflectance at this wavelength compared to vegetation (Figure 3.10c). As for the subpixel 

classification based on RF soft method, Yellow band, NIR 1, and NIR 2 bands are those that provide the 

majority of information (Figure 3.10b), possibly due to the difference of reflectance characteristics in the 
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NIR 1 and NIR 2 bands of different vegetation species (Figure 3.10c). Table 3.6 suggests that the Yellow 

band is of critical importance in Soil and Limonium percentage regression. Moreover, Table 3.6 also shows 1455 

that the NIR 1 and NIR 2 bands are critical in regression practice for other classes. These analyses suggest 

the NIR 1 and NIR 2 bands provided by WV-2 can improve the accuracy of halophytic classification. This 

can be explained because, as shown in Figure 3.10 (c), in the visible range, reflectance values of vegetation 

species are similar, while the variability increases in NIR 1 and NIR 2 bands.  

Table 3. 6: Feature importance of each band in RF regression (CB is Coastal Blue). Jun = Juncus, Lim = 1460 

Limonium, Sali = Salicornia, Sarc = Sarcocornia and Spar = Spartina. 

Band Classes 

Importance  Jun Lim Sali Sarc Soil Spar 

CB 0.028 0.016 0.074 0.034 0.004 0.028 

Blue 0.014 0.017 0.142 0.033 0.006 0.043 

Green 0.008 0.016 0.055 0.234 0.009 0.024 

Yellow 0.010 0.670 0.087 0.047 0.930 0.011 

Red 0.033 0.022 0.133 0.094 0.004 0.212 

Red Edge 0.010 0.128 0.098 0.100 0.007 0.068 

NIR 1 0.037 0.093 0.274 0.354 0.009 0.516 

NIR 2 0.861 0.038 0.135 0.104 0.030 0.099 

 

 

Figure 3. 10: Band importance for different methods and reflectance characteristics of each class: (a) and 

(b) is the relative importance of each band for RF hard classification and RF soft classification, 1465 

respectively; (c) is calculated by average radiance value of corresponding ROI (CB is Coastal Blue, RE is 

Red Edge). 

An important source of uncertainty in this study may be related to the interference of water with species 

reflectance. The tidal elevation at the time of acquisition was about 0.45 m above MSL, suggesting that large 

portions of the marsh, whose elevations range from 0.15 m to 0.60 m above MSL, were flooded with water 1470 

depths up to 30 cm. Kearney et al. (Kearney et al., 2009) documented that tidal inundation can result in a 

significant reduction in NIR 2 (856-1043 nm) and greatly affects the Red Edge band (699-749). High water 

levels thus increase noise in spectral reflectance information, in particular for NIR bands and significantly 

affect the outcome of hard and soft classifiers. 
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3.5 Conclusions 1475 

Halophytic vegetation, an important component of salt marshes, is typically organized in patches of species 

associations. In this study, we focus on the development of a new approach based on the application of RF 

soft classification for estimating fractional abundance of each species within vegetation associations and 

applied it to a WV-2 multispectral image. In particular, we make full use of the information contained in the 

distribution of “votes” from individual decision trees and interpret their distribution across classes as the 1480 

corresponding fractional abundance. This approach yields high classification accuracies (6.7% < RMSE< 

18.7% and 0.65 < R2 < 0.96). We found that, while the RF regression can predict the percentage of each 

class accurately when each class is considered separately, the overall accuracy decreases significantly when 

relative abundances are rescaled to sum to 100%. Comparisons of RF soft classification results to rescaled 

RF regression results (Figures 3.6, 7 and 8), suggest that the former is more suitable to accurately map 1485 

fractional abundance in highly-mixed halophytic associations. Our results show that the RF soft-classifier 

predicted distribution patterns are in very good agreement with halophytic vegetation patterns documented 

by previous analyses (Belluco et al., 2006; M. Roner et al., 2016; Silvestri et al., 2005, 2003), thus confirming 

the usefulness of the method.  

We show that the results obtained with the RF soft classification can be used to produce a map of the 1490 

dominant species within the plant association (i.e. with percentage cover higher than 60% in our case). This 

map nicely agrees with a RF hard classification map (Kappa=0.962, A=0.970) produced for the same study 

site, thus emphasizing the RF soft-classifier robustness. Our comparison also highlights that the traditional 

hard classifiers force the pixels to be assigned to a specific class, which is unrealistic when dealing with 

mixed vegetation associations as in the case of salt marshes, thus neglecting the heterogeneous contribution 1495 

to the spectral signal associated with the mixture.  

In conclusion, we developed a robust RF soft classification approach to assess the fractional abundance of 

halophytic vegetation and bare soil. This approach uses the frequency of ‘votes’ to each species to represent 

corresponding fractional abundance. We applied this method to estimate the fractional abundance of 

halophytic vegetation species within our study site, which is characterized by high biodiversity of salt-marsh 1500 

vegetation and where halophytic species are organized in mixed vegetation associations at the scale of the 

satellite sensor resolution (0.5 m). The proposed method allowed us to obtain high accuracy in the current 

application, suggesting it can be a valuable tool to analyze the distribution pattern of fractional abundance 

of salt-marsh vegetation species. The comparison between the results obtained with the RF soft classifier to 

those drawn from its regression counterpart shows its superior robustness. We suggest that the RF soft 1505 

classification is a useful tool to describe fractional abundance of halophytic species and bare soil on salt 

marshes and to provide important information about the spatial distribution of dominant species. Thus, the 

RF soft classification allows one to monitor the temporal evolution of halophytic vegetation, such as dieback 

and replacement. We, therefore, suggest that the RF soft classification method should be considered to 
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analyze salt-marsh response to sea-level changes and for the development and testing of biogeomorphic 1510 

models. 
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Chapter 4: Large-scale halophytic vegetation vertical distribution from 

coupled multi-spectral data and LIDAR-derived marsh surface elevations 1520 

 

This chapter is a manuscript ready to be submitted to the Journal of Ecology. This chapter mainly focused 

on the extension of the in-situ observed vegetation-elevation relationship to the whole marsh scale through 

the use of remote sensing data. In particular, we first developed and tested a novel method to analyze LIDAR 

data and obtain a Digital Elevation Model (DEM) of the marsh based on the Random Forest Regression 1525 

algorithm, using information contained by the fractional abundance of each species and Normalized 

Differential Vegetation Index (NDVI). The vegetation-elevation relationship was then analyzed by coupling 

the corrected DEM and vegetation maps. Finally, the vertical distribution of above-ground biomass was 

explored through the analysis of relevant bio-morphodynamic metrics.  

 1530 

PAPER 

Large-scale halophytic vegetation vertical distribution from coupled multi-spectral data and LIDAR-

derived marsh surface elevations 

Zhicheng Yang1*, Enrica Belluco2, Xiaxiang Li3, Davide Tognin2, Sonia Silvestri4, Marco Marani2, Andrea 

D’Alpaos1* 1535 

1 Department of Geosciences, University of Padua, Padua, Italy 

2 Department of ICEA, University of Padua, Italy 

3Key Laboratory of Land Surface Pattern and Simulation, Institute of Geographical Sciences and Natural 

Resources Research, Chinese Academy of Sciences, Beijing, 100101, China 

4 Department of Biological, Geological, and Environmental Sciences, University of Bologna, Bologna, Italy 1540 

 

Abstract 

Salt marshes are critical ecosystems that are vulnerable to the current rates of sea-level rise and increasing 

human impacts. Halophytic vegetation helps offsetting marsh drowning through complex bio-

morphodynamic feedbacks. However, our knowledge on its distribution and biomass production is still 1545 

limited and mainly based on in-situ measurements. To extend knowledge of vegetation biomass distribution 

at larger scales, we coupled light detection and ranging (lidar) point clouds and multi-spectral data, acquired 

over the San Felice marsh (Venice lagoon, Italy) to explore the vertical distribution of halophytic vegetation 

and analyze the relationship between marsh morphology and above-ground biomass production (AGB). 
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Towards this goal, we first developed and tested a novel method based on the Random Forest Regression 1550 

algorithm, combining a lidar-derived Digital Elevation Model (DEM) with vegetation fractional abundance 

(FA) and biomass information. The vertical distribution of halophytic vegetation was then analyzed by 

coupling the corrected DEM and vegetation maps. Finally, the vertical distribution of AGB was explored 

through the analysis of relevant bio-morphodynamic metrics (NDVI, sum of the fractional abundance of 

vegetation (SFA), leaf area index (LAI) and empirical AGB (eAGB)) that were derived from multi-spectral, 1555 

lidar point cloud data and field observations. Our analyses suggest that: i) the proposed method is reliable 

and produces a highly accurate DEM of the marsh (R2 = 0.79 and RMSE = 3.5 cm); ii) previously reported 

in-situ vegetation species sequence with increasing elevations, is found to be consistent and reliable at the 

whole marsh scale; iii) the AGB generally increases with higher elevations, as suggested by all metrics 

(NDVI, SFA, LAI and eAGB) displaying higher values at higher marsh portions. For the first time we 1560 

extended the vegetation-elevation relationship observed by local-scale measurements to the whole marsh 

scale, a critical step to inform and test eco-morphodyanmic models. Moreover, the proposed lidar-derived 

method can be a useful tool to further improve our current understanding on marsh ecological and 

geomorphological dynamics.  

4.1. Introduction 1565 

Salt marshes are ecosystems periodically inundated by the tide, forming transition zones between marine 

and terrestrial landscapes (Balke et al., 2014; Fagherazzi et al., 2012; Marani et al., 2004; Silvestri et al., 

2005; van Belzen et al., 2017; Van der Wal et al., 2008; Zhu et al., 2020). They exert important roles in the 

geomorphological and biological processes of intertidal areas (Brinson et al., 1995; Dalrymple and Choi, 

2007; Laengner et al., 2019; Raabe and Stumpf, 2016; Schuerch et al., 2019; Shi et al., 2012), but currently 1570 

experiencing a strong erosional trend worldwide (Horton et al., 2018; Jankowski et al., 2017; Schepers et al., 

2017; Sun et al., 2020; Tommasini et al., 2019; Törnqvist et al., 2020) due to the increase in the rates of 

relative sea-level rise (RSLR), the decrease in sediment supply (Blum and Roberts, 2009; D’Alpaos and 

Marani, 2016; Kirwan et al., 2010; Marani et al., 2010a), lateral erosion caused by wave attack (Koppel et 

al., 2005; Priestas et al., 2015; Tommasini et al., 2019) and increasing human interferences (Kearney, 2015; 1575 

Silvestri et al., 2018).  

Halophytic vegetation encroaches coastal marshes because of its high adaptability to periodic inundation and 

high salty conditions (Costa et al., 2003; Crain et al., 2008; Marani et al., 2003; Pennings and Moore, 2001). 

Halophytic vegetation affects erosional and depositional patterns over the marsh surface through complex 

bio-morphodynamic processes (Bouma et al., 2009; Lightbody and Nepf, 2006; Rupprecht et al., 2017; 1580 

Temmerman et al., 2007; Yang and Nepf, 2019), e.g., producing organic sediments (Curcó et al., 2002; 

Janousek et al., 2016; Kirwan and Guntenspergen, 2012; Morris, 1990; Mudd et al., 2009; Scarton et al., 

2002), reducing flow velocities (Bouma et al., 2007, 2005; Leonard and Croft, 2006) and directly trapping 

sediments (Fagherazzi et al., 2012). Thus, halophytic vegetation can support marsh survival under increasing 

sea level scenarios (D’Alpaos et al., 2011; Kirwan et al., 2010; Morris et al., 2002; Mudd et al., 2009). 1585 
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However, biomass production and halophyte response to RSLR are species-specific (Janousek et al., 2016; 

Morris et al., 2002; Scarton, 2006; Scarton et al., 2002). As a result, a better understanding of halophytic 

vegetation speices distribution is of central importance to understand marsh surface processes and to predict 

marsh evolution (Collin et al., 2010; Janousek et al., 2019; Silvestri et al., 2005). 

Halophytic vegetation is organized by sharply defined patches composed of single species or typical species 1590 

associations, a spatial structure known as zonation. Such zonation patterns can be considered as the net 

results of edaphic conditions (Bertness and Ewanchuk, 2002; Bockelmann et al., 2002; Daleo et al., 2008; 

Moffett et al., 2012; Snow and Vince, 1984), interspecific competition (Costa et al., 2003; Pellegrini et al., 

2018; Pennings et al., 2005) and the capability of halophytic vegetation species to engineer salt-marsh 

topography via biogeomorphic feedbacks to maintain they can live within species-specific preferable 1595 

elevation ranges (Da Lio et al., 2013; Marani et al., 2013). Marsh surface elevation controls the waterlogging 

frequency and duration, thus regulating the physical stress and edaphic conditions. As a result, the 

distribution of halophytic vegetation is strongly linked to marsh surface morphology. Previous field 

observations have reported that each species has its preferable elevation range, which is characterized as its 

ecological niche, thus constructing species sequence as elevation changes (Donnelly and Bertness, 2002; 1600 

Janousek et al., 2019; Qi et al., 2021; Silvestri et al., 2005, 2003). Marsh platform morphology also affects 

biomass production, thus changing the ability of halophytic vegetation to support marsh surface to keep pace 

with sea-level rise (Kirwan et al., 2010; Kirwan and Guntenspergen, 2012; Marani et al., 2010a; Morris et 

al., 2002; Mudd et al., 2010). In particular, field measurements of above-ground biomass (AGB) in many 

marshes worldwide suggest that AGB generally increases with elevations (Roner et al., 2016). However, 1605 

most of the previous analyses on the vertical distributions of halophytic vegetation species and AGB are 

mainly measured from a limited number of sites. While marsh elevation is not the only variable controlling 

vegetation species distribution (Moffett and Gorelick, 2016; Pennings et al., 2005; Qi et al., 2018). Until 

now, to our knowledge, there is still no observations focused on the species and AGB vertical distributions 

of at large range of spatial scales (within a whole marsh up to several km2), because a large number of field 1610 

collections is labor-intensive and often inner marsh areas are difficult to reach. So there is a clear gap to 

extend the vegetation-elevation relationship to the whole marsh scale, thus becoming one of the issues in 

this study. 

Remote sensing provides useful tools to address these issues, thus extending such analyses to a large spatial 

scale (Fagherazzi et al., 2012). Classification methods, aiming at halophyte species discrimination, have 1615 

been widely developed and also been applied to multi- and hyper-spectral data with high accuracy (Belluco 

et al., 2006; Marani et al., 2006b). Halophyte species have been classified in the form of pixel-based (Belluco 

et al., 2006; Timm and McGarigal, 2012; Van Beijma et al., 2014) and object-based (Berhane et al., 2019; 

Fournier et al., 2007; Juel et al., 2015; Lantz and Wang, 2013; Moffett and Gorelick, 2013; Yeo et al., 2020) 

scales. Because halophytic vegetation species are always organized with high heterogeneity in typical optical 1620 

data pixels, the methods to estimate the fractional abundance (i.e., the ratio of the vertical projection area of 

given vegetation species, FA) of halophyte species have been well developed more recently, allowing us to 
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yield FA maps with high accuracy (Costa et al., 2017; Silvestri et al., 2003; Wang et al., 2007; Yang et al., 

2020).  

Remote sensing also allows us to analyze the above-ground biomass (AGB) distribution at the marsh scale 1625 

by using some reliable representers (Ganju et al., 2017; Marani et al., 2004; Roner et al., 2016; van Belzen 

et al., 2017; Yousefi Lalimi et al., 2017). In particular, normalized difference vegetation index (NDVI), 

defined as the normalized difference between infrared and red bands, was proposed in the 1970s (Rouse et 

al., 1974) and it has been proven to represent vegetation biomass production (Lopes et al., 2020; Pan et al., 

2018; Schalles et al., 2013; Sun et al., 2018; Wang et al., 2017) and structure (Feng et al., 2016; Givnish et 1630 

al., 2008; Jia et al., 2006; Pan et al., 2018). The fractional abundance of halophytes, i.e., the sum of the 

fractional abundance of each vegetation species (SFA), is another proxy for above-ground biomass (Roner 

et al., 2016). Leaf area index (LAI), which is defined as the total one-sided leaf area per ground surface area 

(Zheng and Moskal, 2009), always carry critical information on the structure of vegetation canopy and 

above-ground biomass (Fedrigo et al., 2018; Korhonen et al., 2011; Richardson et al., 2009; Yousefi Lalimi 1635 

et al., 2017). In addition, a combination of accurate FA maps and an empirical AGB dataset (obtained from 

in-site observation and in-lab experiments) is another way to empirically estimate the AGB (eAGB) over the 

marsh (Roelfsema et al., 2014). 

In terms of elevation data, light detection and ranging (lidar) is a common tool to construct digital elevation 

models (DEMs) for different landscapes (Pinton et al., 2020; Wang et al., 2009; Wulder et al., 2012; Yan et 1640 

al., 2015; Yousefi Lalimi et al., 2017). The applications of lidar on marsh-DEM construction and related 

vertical distribution analyses are still challenged by the low accuracy and the narrow habitat elevation range 

of halophytes (Buffington et al., 2016; Hladik et al., 2013; Hladik and Alber, 2012; Klemas, 2011). The errors 

of lidar over the marsh are mainly due to poor laser penetrability through halophytic vegetation and to the 

presence of water flooding the marsh (Klemas, 2011).  1645 

To construct lidar-derived DEMs of marsh surface, the development of algorithms that are used for lidar 

error removal has been one of the central interests to marsh researchers and managers (Buffington et al., 

2016; Chassereau et al., 2011; Rogers et al., 2018; Schmid et al., 2011; Wang et al., 2009) and a variety of 

methods have been proposed in the recent decades. For example, the minimum-bin gridding method (MBG) 

uses the lowest lidar return in changing the size of the moving window to make sure such return can penetrate 1650 

the vegetation and reach the marsh surface, and then use some gridding methods to generate a DEM. The 

main drawback of this method is that it would lose a lot of point-cloud information, and the gridding process 

could cause some errors in the final DEM. Hladik and Alber (2012) developed a vegetation correction factor 

(VCF) method, e.g., correct lidar-derived DEM by the application of species-specific factors, but the high 

heterogeneity of halophyte organizations would hinder its broad application. Buffington et al., (2016) 1655 

consider the NDVI as the main representer of halophyte biomass and structure thus linking it to the error of 

lidar (so-called LEAN method). But the wide appearance of the wet area over the marsh would lead to that 

NDVI cannot convey correct information on vegetation structure and biomass (Kearney et al., 2009), further 
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attenuating the accuracy of this method.  

It clearly emerges that the key step to construct an accurate lidar-derived DEM is to accurately estimate the 1660 

biomass and vegetation composition. The FA of each species and multi-spectral data-derived NDVI are 

important indicators of vegetation biomass, structure and the probability of the laser penetrating the 

vegetation to reach the marsh surface. However, there is still a gap that hinders the utilization of them to 

facilitate lidar-derived DEM construction. Thus, in this study, we mainly consider both FA and NDVI in a 

nonparametric regression model (Random Forest regression, RFR) to estimate the marsh surface elevations 1665 

and then construct a lidar-derived DEM with high accuracy. 

The FA maps and lidar-derived DEM allow us to quantitatively describe the vertical distribution of 

halophytic vegetation and AGB by using eco-morphodynamic metrics on a large spatial scale. Here we 

mainly test our assumption that marsh surface morphology controls the halophytic vegetation distribution 

and biomass production. In specific, the variations of dominant species (the most abundant one) and of FA 1670 

with elevation gradient will be analyzed. Then, we will make further efforts to analyze the vertical 

distribution of biomass-related metrics (NDVI, SFA, LAI and eAGB). 

In the next section, we describe the study area, our lidar point clouds, multi-spectral data and ground-truthing 

data collected by ancillary field campaigns. Section 4.3 mainly describes the methods to assess the FA of 

each species, to determine NDVI, to estimate the elevation on the basis of vegetation information and lidar 1675 

raw data, to analyze the vertical distribution of halophytic vegetation and above-ground biomass production. 

In Section 4, we analyze the vertical distribution of halophytic vegetation and AGB. Section 4.5 gives some 

discussion and then we draw a set of conclusions in the final section. 

4.2. Study area and data 

4.2.1 Study Site—the San Felice salt marsh (Venice lagoon, Italy)  1680 

The Venice lagoon (Fig. 4.1a) is located in the northeastern area of Italy. The lagoon has a waterbody area 

of about 550 km2 and it is connected to the Adriatic Sea by three inlets: Lido, Malamocco and Chioggia 

(D’Alpaos et al., 2017; Fagherazzi et al., 2006; Tommasini et al., 2019; Tosi et al., 2018). It is characterized 

by a semidiurnal tide with a mean tidal range of about 1.0 m and a maximum tidal range of about 1.5 m 

(Roner et al., 2016; Volpe et al., 2011).  1685 

This analysis is carried out over the San Felice marsh (Fig. 4.1b), which is one of the most naturally preserved 

areas within the northern part of the lagoon (Marani et al., 2003; Roner et al., 2016). The area of this marsh 

decreased in the last century mainly due to the apperacne and the extension of the inner pond and lateral 

erosion caused by wave attack (Day et al., 1998). At the year of our remote sensing data acquisition (2003, 

explained in Section 2.2), this marsh is mainly encroached by 4 species: Spartina maritima (hereafter 1690 

“Spartina”), Limonium narbonense (hereafter “Limonium”), Sarcocornia fruticosa (hereafter “Sarcocornia”) 

and Juncus maritimus (hereafter “Juncus”) (Marani et al., 2006b; Wang et al., 2009). The spatial distribution 
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of these species over the San Felice marsh has been analyzed ranging from small spatial scale by in-site 

measurements (Silvestri et al., 2003) to the whole marsh by using remote sensing images (Belluco et al., 

2006; Marani et al., 2006b, 2003b; Wang et al., 2007; Yang et al., 2020); While, until now, our knowledge 1695 

on the vertical distribution is still limited in a small scale based on some in-site measurements (Silvestri et 

al., 2005) and cannot extend to a whole marsh scale, thus calling for the further analyses. 

4.2.2 Remote sensing data and ancillary field campaigns 

The main aim of this study is to analyze the vegetation-elevation relationship at the whole marsh scale 

through accurate lidar-derived DEM and vegetation distribution maps. In specific, we consider using the 1700 

vegetation information derived from multi-spectral remote sensing data to correct lidar over the marsh and 

analyze the vegetation and biomass vertical distribution by coupling the corrected lidar and multi-spectral 

data. 

4.2.2.1 Lidar data  

The lidar data collection was carried out over the San Felice (SF) marsh on February 9, 2003. We used the 1705 

FALCON II sensor here, which provides both first and last returns at a wavelength of 1560 nm. The aircraft 

acquired point clouds with a density of about 8 points/m2 at an altitude of about 450 m above ground with a 

speed of about 60 m/s. The lidar records are composed of 6 flight lines to cover the whole marsh. For further 

details on the raw lidar data, we refer readers to Wang et al. (2009). Following Wang et al. (2009), last return 

data were selected in this study mainly because they are more efficient in the discrimination between 1710 

vegetation and substrate in this area.  

4.2.2.2 Multi-spectral data  

We use the multi-spectral data (QuickBird 2) to estimate the FA and NDVI over the marsh to facilitate the 

lidar correction, because it is acquired in the same year (July 2003) of the lidar. The QB sensors include 5 

spectral bands (Table 4.1), i.e., a panchromatic spectral band with a higher spatial resolution (0.72 m) and 4 1715 

multispectral bands with a lower spatial resolution (2.88 m). The QB sensor acquires data from an altitude 

of about 450 km.  

The IKONOS image acquired in 2001 is also used for the analyses of the vertical distributions of vegetation 

and above-ground biomass. The IKONOS data is composed of 4 multi-spectral bands, ranging from visible 

and near-infrared bands with a spatial resolution of 4 m, and a Panchromatic band (409-1048nm) with a finer 1720 

spatial resolution of 1 m (Belluco et al., 2006).  

The general information of these images is summarized and listed in Table 4.1. The vegetation biomass as 

well as the percentage cover change with seasons (Mudd et al., 2009), which would influence the penetration 

of lidar thus influencing the accuracy of our correction method. Moreover, the tidal level is an important 

factor influencing the accuracy of derived vegetation information (Kearney, 2015; Yang et al., 2020). Thus, 1725 



72 

the image acquisition date and the tidal level information are also included in Table 4.1. The tidal elevation 

is measured by Punta Salute (Figure 4.1a) station higher than the “Istituto Geografico Militare” (hereafter 

“IGM") datum. The MSLs in 2001 and 2003 are about 0-5 cm higher than the IGM datum, indicating that 

the marsh was not flooded and only very low marsh portions were flooded during acquisitions. 

Table 4. 1: Information of the image and of the corresponding acquisitions 1730 

Acquisition year 2001 2003 

Sensor IKONOS QuickBird 

Spatial resolution P: 1 m M: 4 m P: 0.72 m M: 2.88 m 

Acquisition date 26/06 25/07 

Flight time (GMT) 10:00 9:45 

Tidal level −20 cm +6.7 cm 

P=panchromatic; M=multispectral;  

4.2.2.3 Field observations for vegetation information 

Field observations on vegetation information were performed currently with remote sensing acquisitions to 

provide accurate vegetation information. For each multi-spectral image, a set of ground reference areas 

(Region of Interest, ROIs), which will be used for training and testing the vegetation classification models,   1735 

were randomly selected across the marsh with the target to include all the typical species and associations. 

The boundary of each ROI was delimited by using differential GPS (Leica CS15 in RTK mode, minimum 

accuracy of ±1 cm). For each ROI, the fractional abundance of each species and bare soil were estimated by 

using the standard Braun–Blanquet visual method (Belluco et al., 2006; Biondi et al., 2014; Silvestri et al., 

2005; Van der Wal et al., 2008), which records the presence of each species and bare soil by 10 intervals 1740 

between  0% - 100%. The number of ROIs for vegetation classification in 2001 and 2003 were 11 and 20, 

respectively. 

After the field collection, all ROIs were overlaid on the georeferenced and resampled multi-spectral data (as 

explained in Section 4.3.2) in Arcmap 10.8 and only pixels falling entirely within each ROI were used to 

build the classification dataset. 1745 
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Figure 4. 1: Study area: (a) shows the position of San Felice marsh on a map of Venice lagoon (base map 

is collected from Google Earth, https://www.google.com/earth/); (b) shows the map of the San Felice 

marsh and data points used to correct lidar (base map is the NIR band of QB data). 

Marsh surface elevation data were collected in 2002 and 2003 with the aim of providing accurate ground 1750 

reference elevation to construct the DEM. The measured elevation (2 above datasets, Fig. 4.1b) by DGPS 

and lidar point clouds were with the respect to the IGM datum and with the reference to UTM-WGS84 planar 

coordinates. The total number of elevation points is 1579. It should be noted that the accretion rate of the 

San Felice marsh is about 3 mm/year (Day et al., 1998), which cannot be detected by DGPS, thus including 

data points in both 2002 and 2003 cannot result in any deviations and errors of the final DEM. All those 1755 

points were then overlaid on and extracted local information from the lidar raw grid data (as explained in 

Section 3.1), FA maps of each species and NDVI (generated from QB data as explained in Section 3.3.2) to 

build a final dataset to train the model (explained in Section 3.3.3) to construct a DEM with high accuracy.

  

4.3. Methods  1760 

4.3.1 Lidar data preprocessing  

Lidar collection would cause some random errors, thus, following Wang et al (2009), returns from the water 

body are removed at first. Moreover, all laser returns with an elevation higher than 300 cm or lower than 0 

cm are removed. According to the estimation of planimetric offsets by Wang et al (2009), the lidar raw data 

should be translated of 65 and 110 cm (no rotation), respectively, due to x-axis and y-axis deviations. We 1765 

also applied the vertical shift provided by Wang et al (2009), as listed in Table 4.2. 

Table 4. 2: Summary of vertical shift 

Flight 

lines 

z shift 

(cm) 
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1 1.14 

2 1.13 

3 -1.20 

4 -1.38 

5 -1.75 

6  2.05 

After the planimetric translation, we generate a grid with a resolution of 1 m by selecting the lowest elevation 

of the raw lidar data in each pixel (by the use of CloudCompare v2.11.3), because the lowest elevation has 

the highest probability to represent local marsh surface elevation (Pinton et al., 2020). 1770 

4.3.2 Multi-spectral data preprocessing 

In order to accurately estimate the FA of each species and construct a dataset for potential comparisons with 

past and future acquisitions, the multi-spectral data were atmospherically corrected by the use of 

MODTRAN (Richter and Schläpfer, 2002) and then transformed into reflectance values using the 6S model 

by the use of a ‘Maritime’ type of atmospheric profile (Belluco et al., 2006; Vermote et al., 1997). After 1775 

atmospheric correction, the IKONOS and QB data were pan-sharpened to a spatial resolution of about 1.0 

m and 0.72 m, respectively, by using the panchromatic band (Table 4.1) through the Gram–Schmidt Pan-

Sharpening algorithm (Maurer, 2013; Palubinskas, 2013). And then the QB data were resampled to a 

resolution of 1 m through the nearest neighbor method. Pan-Sharpening and resample processes were 

performed in ENVI 5.4 and Arcmap 10.8, respectively. Then, in order to minimize errors in the final DEM, 1780 

we geo-referenced the IKONOS and QB data by the usage of 5 points. The final step is the manual 

digitalization of channel networks on the geo-referenced data. 

4.3.3 Lidar-correction algorithm description 

Random Forest (RF) is a supervised nonparametric ‘ensemble machine learning’ algorithm mainly for 

classification (Random Forest classification, RFC) and regression (Random Forest Regression, RFR) tasks, 1785 

based on a set of Classification and Decision Trees (CART) (Breiman, 2001). The RF method has been 

successfully used in habitat, vegetation species, or landscape classification (Belgiu and Drăgu, 2016; 

Berhane et al., 2019; Rogers et al., 2018; Schwieder et al., 2014), and key ecological parameter prediction 

(Immitzer et al., 2018; Rogers et al., 2018), due to its outstanding advantages, such as the ability to 

manage a large number of input bands (Juel et al., 2015; Ma et al., 2017; Van Beijma et al., 2014), to 1790 

minimize Hughes phenomenon (Hughes, 1968) and to handle multi-modal datasets (Belgiu and Drăgu, 

2016). In this work, the RF is carried out using the Scikit-learn package (Pedregosa et al., 2011), an 

open-source and commercially usable machine learning library for the Python programming language. 

The RF is a non-parametric model that makes predictions based on the statistics of predictions by each inside 

CART. After a user-defined number of CART (ntree) is chosen, each CART is trained by about two-thirds 1795 

of the samples (input data) that are selected randomly with replacement (bootstrapping) (Breiman, 1996). 
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The bootstrapping method results in each CART is fed with different sub-datasets and those that are left out 

(out of bag, OOB) can serve as datasets to test the predictive ability of each CART. Once the training data 

input, training samples are binary split into two groups at each node (internal nodes) based on so-called 

“best split” binary rules (Breiman, 2001) and the decreasing in Gini impurity index (Gini), which can be 1800 

expressed as: 

𝐺𝑖𝑛𝑖 = 1 − ∑ 𝑝𝑖
2𝑛

𝑖=1  (4.1) 

where 𝑝𝑖 is the frequency (probability) of ith class in n total classes (Breiman, 2001). If the growth of a 

CART is not limited, it would keep growing until there is a node (terminal node) for every single class.  

In the regression process, the accuracy (R2, as explained in section 4.3.3) of predicted OOB samples is 1805 

recorded and averaged over all cases to produce an OOB accuracy estimation (OOB score). The OOB 

accuracy estimation is unbiased and can be used as a cross-section test (Breiman, 1996).  

4.3.3.1 Method to estimate the fractional abundance and map the most abundant species 

We perform the Random Forest Soft Classification (RFSC) method to estimate the fractional abundance 

(FA) of each species. Detailed information about this method can be found in Yang et al. (2020). The 1810 

key steps of this method are 1) using sample weights (observed FA in fieldwork) to change CART split 

processes; 2) considering the number of votes as the probability value that the pixel belongs to one 

specific species, and 3) interpreting such probability as FA of each species (Yang et al., 2020). In this 

work, following Yang et al (2020), we decide to select ntree equal to 490, because of its high accuracy. 

After the estimation of FA of each species, we define the most abundant species in each pixel as the one 1815 

with the highest FA. The ROI collection allows us to have a dataset of 5649 pixels to construct the 

model. To estimate the accuracy, the dataset was randomly divided into two groups: 4237 pixels (about 

75% of the dataset) were used in model training and 1412 pixels (about 25% of the dataset) were used 

in model validation. After the estimation of FA of each species and bare soil, the most abundant species 

were then mapped by the one with the highest FA in each pixel, where can be considered as its habitat 1820 

(Van Beijma et al., 2014; Zhang, 2015). 

4.3.3.2 Computation of NDVI 

NDVI is strongly linked to chlorophyll content and can be expressed as: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅

𝑁𝐼𝑅+𝑅
 (4.2) 

where 𝑁𝐼𝑅  and 𝑅  are the spectral reflectances in the NIR and red bands, respectively (Tucker, 1979). 1825 

Because NDVI is an important bio-morphodynamic metric to represent AGB, after the construction of DEM 

(described in Section 3.3.3), the average value of NDVI (mNDVI) at each elevation will be calculated to 
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describe its link to elevation. 

4.3.3.3 Method to construct the DEM 

As mentioned above, FA and NDVI can provide valuable information on lidar error correction. Random 1830 

Forest Regression (RFR) model was selected to find a relationship between input variables (FA of each 

species, NDVI, and raw lidar grid data) and the local correct marsh surface elevation. The RFR is similar to 

the Random Forest Classification method, and it is based on the assumption that the relationship between 

input variables and the target variable (local ‘true’ marsh surface elevation) can be described through a non-

linear correspondence. The RFR makes predictions by using the average value of the individual CART 1835 

(Breiman, 2001).  

The main steps of the RFR process are 1) information on FA of each species, NDVI, and raw lidar grid data 

of each field point are extracted in Arcmap 10.8; 2) construct a dataset for RFR by using information obtained 

from 1) (input variables) and local ‘true’ elevation (target variable); 3) the dataset in 2) was randomly divided 

into two groups, i.e., 1180 (about 80%) points were used to train the RFR model and the other 260 (about 1840 

20%) were used to test the RFR accuracy. 

Before the DEM construction, we decided ntree in this part by maximizing the OOB score when the ntree 

ranged from 10 to 1000. Fig. 4.2 shows that the OOB score increases rapidly up to ntree = 100 (Fig. 4.2). 

We select ntree equal to 375 since the OOB maintains constant after here (Fig. 4.2). 

 1845 

Figure 4. 2: R2 and OOB score variations with increasing ntree. 

4.3.3.4 Estimation of accuracy 

Both the performances of FA and elevation estimations are tested by two matrics, i.e., the root-mean-square 



77 

error (RMSE) and the coefficient of determination (R2) :  

RMSE = √∑ (𝑦𝑖−�̂�𝑖)𝑛
𝑖=1

2

𝑛
 (4.3) 1850 

𝑅2 =
∑ (�̂�𝑖−�̅�)2𝑛

𝑖=1

∑ (𝑦𝑖−�̅�)2𝑛
𝑖=1

 (4.4) 

where 𝑦𝑖 �̂�𝑖 and 𝑦 represents the ground referential value, the predicted value, and the average of the 

observed values respectively, and n is the number of validation data points.  

4.3.4 Analyses of halophyte vertical distribution 

After the construction of DEM, the vertical distributions of the most abundant species in 2001 and 2003 1855 

were analyzed by coupling the most abundant maps and the DEM. In the next step, the distribution of 

elevation encroached by each most abundant species was analyzed by using the Kernel Density Estimator 

(Bowman and Azzalini, 1997) in MATLAB 10.8a. Finally, we use the average value of FA (mFA) of each 

species and bare soil to show the variations of fractional abundance of each species with different 

elevations.  1860 

4.3.5 Computation of SFA, LAI and AGB 

4.3.5.1 Estimation of SFA 

SFA is calculated by using the sum of fractional abundance of each halophyte species (or 1 minus FA of bare 

soil). We use the average value of SFA (mSFAi) at each given elevation (i) to show its vertical distribution. 

m SFAi can be determined by: 1865 

𝑚𝑆𝐹𝐴𝑖 = ∑ 𝑚𝐹𝐴𝑖,𝑗 (4.5) 

where 𝑚𝐹𝐴𝑖,𝑗 is the mean FA of j species at a given elevation (i). 

4.3.5.2 Estimation of LAI 

In this study, after proposing a new lidar correction method, we carry out the LAI estimation based on the 

calculation of gap probability, i.e., the probability (𝑃(𝜃)) that a laser beam can penetrate the vegetation to 1870 

reach the marsh surface (Richardson et al., 2009; Houl et al., 2005):  

𝐿𝐴𝐼 =  − cos(𝜃) ln (𝑃(𝜃))/𝑘 (4.6) 

where 𝜃 is the zenith angle (scan angle of the sensor) and k is the extinction coefficient (=0.5) (Campbell, 

1986; Houl et al., 2005). To keep in line with much of the available literature (Campbell, 1986; Richardson 

et al., 2009; Lalimi et al., 2017), we here assume 𝜃 = 0 for all returns. The penetration of lidar laser of 1875 
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vegetation canopy in each lidar raw grid is detected by elevation difference between each laser return and 

elevation value of DEM corrected by RFR method, i.e., if such difference is very small (lower than a 

specified threshold elevation), we can consider this laser successfully reach the marsh surface through the 

canopy gap. Based on the field vegetation height measurement (Wang et al., 2009), we assume that the 

threshold elevation of 20 cm is consistently lower than the returns reflected by the vegetation canopy. And 1880 

then, similar to other metrics, we use the average value of LAI (mLAI) at each elevation to describe its 

vertical distribution. 

4.3.5.3 Empirical estimation of AGB (eAGB) 

Combining an empirical dataset of the biomass of all typical species covering marshes in the Venice lagoon 

(Scarton, 2006), and the FA maps generated in Section 4.3.3.1, we can calculate the empirical AGB (eAGB) 1885 

in each pixel. Here, one of the main aims of this article is to characterize the link between marsh surface 

morphology and above-ground biomass (AGB), thus we describe such link by the calculation of the mean 

value of empirical AGB (meAGB) at each elevation of i cm through the following equation: 

𝑚𝑒𝐴𝐺𝐵𝑖 = 𝑚𝐹𝐴𝑖,𝑗  ∙  𝑚𝑒𝐴𝐺𝐵𝑖,𝑗 (4.7) 

where 𝑚𝑒𝐴𝐺𝐵𝑖,𝑗 is the average empirical AGB (eAGB) of j species at a given elevation (i), as listed in Table 1890 

4.3. 

Table 4. 3: The empirical dry weight of each species (g/m2) based on data by Scarton (2006) used to 

determine the estimated above-ground biomass (eAGB). 

j (Species) Dry weight 

(g p.s./m2)  

Juncus 1000 
 

Limonium 222 
 

Sarcocornia 887 
 

Spartina 534 
 

4.4. Results  

4.4.1 Maps fractional abundance of each species estimated by RFSC s 1895 

FA maps of each species and bare soil in 2001 and 2003 are displayed in Fig. 4.3 and Fig. 4.4, respectively, 

while their accuracy information (R2 and RMSE) are listed in Table 4.4. The R2 and RMSE values for the 

RFSC application to IKONOS data (acquired in 2001) range from 0.72 to 0.94 and from 6.09 to 17.15, 

respectively. And these two values for the application to QB data (acquired in 2003) range from 0.66 to 0.90 

and from 4.22 to 12.55, respectively. This suggests that the RFSC is reliable to estimate the spatial 1900 

distributions of FA, further confirming the high accuracy of the most abundant species maps in Fig. 4.5. 

Figs 4.3 and 4.4 show that Limonium and Sarcocornia tend to occupy areas along main channels, whereas 
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Spartina prefers to encroach inner marsh portions, while the areas of marsh sites are encroached mainly by 

Juncus is smaller than the other three species. As to the changes between 2001 and 2003, areas with higher 

Spartina FA values display an obvious decrease in time, while areas with higher soil FA values display a 1905 

contrasting behavior. This could be due to the heat-wave event starting from April 2003, resulting in extreme 

drought and high temperature thus further causing the dieback of Spartina, as well as a decrease in FA values 

of other species (Strain et al., 2017).  

 

Figure 4. 3: FA maps of each species or bare soil in 2001. 1910 

 

Figure 4. 4: FA maps of each species or bare soil in 2003. 
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Table 4. 4: Accuracy information for RFSC method 

Classes 
2001 2003 

R2 RMSE R2 RMSE 

Juncus 0.83 9.76 0.83 4.22 

Limonium 0.72 15.88 0.70 12.55 

Sarcocornia 0.78 17.15 0.66 9.98 

Spartina 0.94 6.09 0.90 4.73 

Soil 0.91 10.42 0.75 9.27 

 

Figure 4. 5: Map of the most abundant species. 1915 

The most abundant species maps display that a large area dominated by Spartina shifts to the bare soil state, 

confirming the dieback event observed from FA changes in time (Figs 4.3 and 4.4), which has also been 

documented by previous remote sensing analyses over the same marsh (Belluco et al., 2006).  

4.4.2 NDVI map 

Fig. 4.6 shows the NDVI maps over the San Felice marsh in 2001 and 2003 by using equation (4.2). It 1920 

emerges that NDVI values on marsh portions close to main channels are much higher than inner marsh 

portions. Indeed, inner marsh portions are more likely to observe the bare soil shown in Figs. 4.3, 4.4 

and 4.5, thus reducing the NDVI value. We also notice that NDVI values in inner marsh sites in 2003 

were lower than in 2001, which can be attributed to the higher tidal level at the acquisition time of QB 

data (Table 4.1).  1925 
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Figure 4. 6: NDVI map over the San Felice marsh 

4.4.3 DEM construction by the RFR method 

Fig. 4.7 shows the DEM constructed by the RFR method, whose R2 and RMSE values for this method are 

0.79 and 3.5 cm, respectively. It emerges that relatively higher areas border along the main channel on the 1930 

southern part of the marsh, as well as along the major tidal creeks and the northern tidal flat, whereas the 

inner portions of the marsh show relatively lower elevation. Visual observation (Figs. 4.5 and 4.7) shows 

areas dominated by Spartina are lower than areas mainly encroached by Limonium and Sarcocornia, and 

Juncus prefers to encroach highest marsh portions. Bare soil patches are more likely to be observed in inner 

marsh portions with low elevation. 1935 

 

Figure 4. 7: DEM constructed by the proposed RFR method 

4.4.4 Vertical distribution of the most abundant species and FA of each species 

We first analyzed the vertical distribution of the most abundant species. Fig 4.7a and c show the frequency 

distributions of marsh elevation of each species habitat in both 2001 and 2003, indicating that the elevations 1940 

of the habitats of Spartina, Limonium and Sarcocornia can be characterized by the unimodal distribution. 

While Juncus is the only species exhibiting bimodal distribution with two obvious peak frequency values. 

These suggest that each species lives within typical elevation ranges, which can be considered as its 

ecological niche (Silvestri et al., 2005, 2003). Interestingly, this leads to the observation of a typical species 
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sequence with increasing elevations (Fig. 4.8c and 4.8d). More in detail, in these two years, Spartina prefers 1945 

to encroach lower marsh portions with the mean elevation of about 18.2 - 19.1 cm (above the IGM), 

Limonium is more likely to be observed on marsh platforms with the average elevations of about 25.3 – 26.7 

cm (above the IGM), whereas Sacocornia occupies higher marsh portions with the average elevations of 

about 29.0 – 28.4 cm (above the IGM), while Juncus encroach the highest marsh portions on average (31.0 

– 32.5 cm above the IGM).  1950 

 

Figure 4. 8: The vertical distribution of the most abundant species: (a) and (b) are the frequency and box-

whisker plot of elevation dominant by each species in 2001, respectively; (c) and (d) are the frequency and 

box-whisker plot of elevation dominant by each species in 2003, respectively. 

The coupling of the DEM of high accuracy (Fig. 4.7) and accurate FA maps for each species (Figs 4.3 and 1955 

4.4) allows one to analyze the variations in mean FA with increasing elevations. Fig. 4.7 shows a general 

decrease in FA values of Soil with higher elevation, indicating halophytic vegetation is difficult to occupy 

marsh portions with elevations similar to MSL, which is about 0-5 cm higher than the IGM in the observation 

period. Indeed, these sites are characterized by anoxic edaphic conditions that cannot support vegetation 

encroachment due to higher waterlogging period and frequency (Pennings et al., 2005). As to variations in 1960 

the mean FA of typical species with increasing elevation, it emerges that the mean FA of each species 

approaches the peak value in a species-specific elevation range. In specific, the peak value in mFA of 

Limonium can be observed at elevations between 20 and 30 cm (above the IGM), while the mFA of 

Sarcocornia tends to approach its highest value at elevations of around 30 cm and then maintains constant, 

which is similar to the behavior of mFA of Juncus that approaches its peak at marsh sites about 40 cm above 1965 

IGM and then maintained at higher elevations. These species-specific behaviors did not display an obvious 
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change between 2001 and 2003. However, in terms of the behavior of mFA of Spartina with increasing 

elevations, it can be characterized as time-dependent. It reached the highest value (about 0.5) at areas with 

elevations of about 20 cm (above IGM) in 2001, whereas it displayed a flat pattern with peak values of about 

0.3 in 2003, resulting in an obvious increase in mFA of bare at areas with elevations range from 10-20 cm 1970 

(above IGM). These changes also can be attributed to the above-mentioned heatwave event, which results 

in an obvious decrease in FA of Spartina (Figs 4.3 and 4.4).  

 

Figure 4. 9: mFA changes of each species with higher elevation 

4.4.4 vertical distribution of above ground biomass production 1975 

We then analyzed the relationship between above-ground biomass and marsh surface elevation through 

critical bio-morphodynamic metrics (NDVI, SFA and LAI meAGB). Figures 4.10 and 4.11 show the vertical 

variations in these metrics, indicating that NDVI, SFA, LAI and meAGB generally increase with higher 

elevations. This suggests that AGB is generally higher in higher marsh portions. Indeed, the lower physical 

stress of the waterlogging on the higher marsh portions can facilitate biomass production (Pennings et al., 1980 

2005). In addition, the above-ground biomass of Spartina and Limonium, those who prefer to encroach lower 

marsh portions (Figs. 4.8 and 4.9), is lower than that of their counterparts on higher marsh portions (Scarton 

2006, Table 4.3). In addition, we realized that each metric has a trough value at elevations ranging from 20-

30 cm (above the IGM), suggesting the relatively lower AGB here. This can be explained by the reason that 

these marsh areas are mainly dominated by Limoniuim (Fig. 4.8), the one that has the lowest productivity 1985 

among all species (Scarton 2006). 
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Figure 4. 10: Variations in mNDVI, mSFA and meAGB with increasing elevation observed in 2001. 
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Figure 4. 11: Variations of matrics with increasing elevation. 1990 

4.5. Discussion 

4.5.1 The RFR method performance compared to existing methods 

We made a comparison of the performances of our method and the other methods in the literature. More in 

detail, the minimum-bin gridding method (MGB, Wang et al., 2009) which has been used to construct a 

DEM with the same lidar clouds in this analysis by selecting a moving window with a radius of 3.5 m, and 1995 

the Lidar Elevation Adjustment with NDVI (LEAN) method (Buffington et al., 2016), which constructs a 

link between the inaccuracies (E) between lidar and ground elevations (l) and NDVI by: 

𝐸 = 𝑙 + 𝑁𝐷𝑉𝐼 + 𝑁𝐷𝑉𝐼2 + 𝑙 ∗ 𝑁𝐷𝑉𝐼2 + 𝑁𝐷𝑉𝐼2 ∗ 𝑁𝐷𝑉𝐼 + 𝑙 ∗ 𝑁𝐷𝑉𝐼2 ∗ 𝑁𝐷𝑉𝐼 (4.8) 

In specific, the LEAN method was trained using the same training dataset of our RFR method (introduced 

in Section 3.3.4) but only considering NDVI, grid raw lidar data and ground-truthing elevations. The 2000 

predicted elevations by MGB and LEAN methods were extracted using the positions of the validation dataset 

of our RFR method. 

Their performances were displayed in Fig. 4.12 together with the accuracy of the lidar raw grid data (Fig. 
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4.12a), which is more likely to overestimate the marsh surface elevation, mainly due to the poor laser 

penetrability through vegetation (Hladik and Alber, 2012; Klemas, 2011). Fig. 4.12 shows all these three 2005 

methods have the ability to improve the accuracy of the lidar-estimated elevation but with different 

performances. Indeed, our proposed RFR method (RMSE = 3.5 cm) performs better than MGB (RMSE = 

6.6 cm) and LEAN methods (RMSE = 5.2 cm), taking advantage of by fully using vegetation information 

represented by FA and NDVI. Besides the higher accuracy, the RFR method, compared with the MGB 

method, can preserve more information provided by the lidar point clouds and, compared with the LEAN 2010 

method, is less likely to be influenced by the appearance of water due to the fact FA also can represent 

vegetation information in a large degree. 

 

Figure 4. 12: The accuracies of lidar raw grid elevations (a), MBG corrected elevations (b), LEAN method 

corrected elevations (c) and RFR method corrected elevations (d). Red lines indicate y=x. 2015 

An important source of the inaccuracy of the RFR method may be related to the time gap between lidar and 

QB data acquisition. The lidar data were acquired in February when the vegetation can be characterized by 

the lowest density (Wang et al., 2009), whereas the QB data were acquired in July when the vegetation 

almost had the peak biomass. The vegetation changes that appeared in this period thus increase the noise in 

vegetation information thus affecting the accuracy of the RFR method. A better understanding of changes in 2020 

the vegetation reflectance at each band or phenological parameters in different seasons or months in one year 

(Sun et al., 2021) would allow one to map the vegetation species at the season of lidar data acquisition, which 
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can be one possible step to minimize this noise. 

4.5.2 Vertical distributions of halophytic vegetation and biomass production 

We analyzed the vertical distribution of halophytic vegetation and the variations in AGB with higher 2025 

elevation, based on a corrected DEM. However, the DEM is constructed by using FA and NDVI in 2003, 

thus generating an intrinsic link between elevations extracted from the DEM and the FA of each species. 

This suggests that the analyzed vertical variations in the dominance of each species (Fig. 4.8c and d), in the 

mean FA (Fig. 4.9b) and in QB-derived vegetation-state metrics in 2003 (Fig. 4.11a, b and c) are not 

completely objective.  2030 

However, thanks to that marsh accretion (with a rate of about 3 mm/year, Day et al., 1998) can be negligible 

in two years, the IKONOS data acquired in 2001 and paired field observations allow us to estimate the FA, 

further determining the most abundant species, and to assess the vegetation-related metrics, which are 

independent of the corrected DEM, thus providing the opportunity to detect the vegetation and/or AGB 

vertical distribution at the whole marsh scale. Indeed, the vertical distribution patterns of vegetation or 2035 

related metrics (NDVI, SFA and emAGB) observed in 2001 suggest that FA of vegetation species or bare 

soil and AGB are strongly related to the marsh elevation. These are similar to those observed in 2003 (Figs 

4.8-4.11), indicating that our analyses of the vegetation-elevation relationship based on 2003 maps are also 

reliable. In addition, lidar-derived LAI is also independent of the multi-spectral data and FA maps, on 

average displaying a similar vertical distribution pattern with other metrics (Fig. 4.11), supporting that the 2040 

link between AGB and elevation observed in this study can reflect the real situations on the marsh. 

The observed vegetation species sequence (Fig. 4.8) and the dependency of AGB on elevations are in line 

with the in-site observations over the same marsh (Silvestri et al., 2005, Roner et al., 2016). This is the first 

time to extend the vegetation-elevation relationship observed at the local scale to a whole marsh scale, 

indicating relevant implications to analyze marsh evolution and vulnerability by considering the marshes 2045 

characterized as highly mixed vegetation species.  

4.6. Conclusions  

In this study, we first developed a method based on the Random Forest Regression (RFR) algorithm and 

applied it to lidar-point cloud data acquired over the marsh in 2003. In particular, we make full use of the 

information contained by the fractional abundance (FA) of each species and NDV mapped by using the 2050 

multi-spectral data acquired in the same year. This method can construct the lidar-derived DEM with high 

accuracy (R2=0.79 and RMSE = 3.5 cm), further suggesting that the RFR method can be an important tool 

to monitor marsh ecogeomorphic patterns. 

Then we coupled the DEM with FA maps and the most abundant species maps (in both 2001 and 2003) to 

describe the vegetation-elevation relationship at the whole marsh scale. Our results suggest that each species 2055 

lives within its preferable elevation ranges (i.e., the ecological niche), thus leading to the observation of the 
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species sequence with higher elevation.  

After that, the variations in the above-ground biomass with increasing elevation were explored by using 

some eco-morphodynamic metrics, such as NDVI, SFA and eAGB, derived from multi-spectral data in both 

2001 and 2003. We also explore changes in lidar-derived LAI (in 2003), another reliable indicator of above-2060 

ground biomass (AGB), with elevation. All these analyses conclude that higher marsh elevations can 

facilitate above-ground biomass production, thus providing important information to inform and test eco-

geomorphic models. We also suggest these results are of importance in further analyses on marsh eco-

morphic patterns within contexts populated by multiple species. 

Author Contributions: Conception or design of the work, Z.Y.; Data collection, A.D., M.M., S.S., and 2065 

E.B.; Data analysis and interpretation Z.Y., and X.L.; Drafting the article, Z.Y.; Critical revision of the 

article, Z.Y., A.D., M.M., and S.S.. 
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Chapter 5: Long-term monitoring of halophytic vegetation and marsh 

ecomorphic patterns by using high spatial resolution remote sensing data 

 

This chapter is a manuscript to be submitted to Remote Sensing of Environment. This chapter is focused on 2075 

the detection of eco-morphodynamic changes through the analysis of changes in the spatial distribution of 

halophytic vegetation, on the basis of the application of the Random Forest Soft classification method 

proposed in Chapter 3 to a temporal series of remote sensing images with high spatial resolutions (O (1 m)). 

The spatial dynamics of halophytic vegetation is then analyzed mainly through the most abundant species 

(the species with the highest fractional abundance) replacement and changes in the patch-size distribution. 2080 

In addition, the distribution of and changes in above-ground biomass spatial distribution are then analyzed 

by using a temporal series of fractional abundance maps of each species and field observed above-ground 

biomass. We suggest that remote sensing data with high spatial resolutions (O (1 m)) can be a useful tool to 

analyze eco-morphodynamics over the marsh. 
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Abstract  

Salt marshes are import ecosystems, providing critical ecosystem services, but disappearing fast worldwide. 2095 

Halophytic vegetation plays a key role in supporting marsh survival through complex eco-morphodynamic 

feedbacks. Although halophytic vegetation cover is an important indicator of marsh function, high resolution 

(O (1 m)) long-term monitoring studies of halophytic vegetation dynamics at the whole marsh scale are still 

limited. Towards the goal of improving the current understanding of marsh eco-morphodynamic processes, 

we analyzed a series of multi-spectral remote sensing images, acquired for a typical marsh in a micro-tidal 2100 

environment (the San Felice marsh in the Venice lagoon, Italy) between 2001 and 2019, to analyze the 

dynamics of marsh vegetation spatial distributions and above-ground biomass production. The dynamics of 

marsh vegetation spatial distribution was analysed by considering changes in the  most abundant species (the 

one with the highest fractional abundance (FA) in each pixel). The dynamics of above-ground biomass (AGB) 

was analyzed on the basis of using the estimated FA and field observations of above-ground biomass. Our 2105 
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analyses suggest that: i) the area of the San Felice marsh decreased with a rate of about 2’345 m2/yr, due to 

marsh boundary retreat, channel enlargement, and expansion of inner ponds, that we considered a signature 

of the erosion trend characterizing the Venice lagoon; ii) Spartina and Salicornia are more likely to be 

replaced by bare soil, whereas Limonium and Sarcocornia tend to encroach unvegetated areas, and the 

transitions among different species or between vegetated and unvegetated are widely observed over the 2110 

marsh, indicating that ecogeomorphic patterns are highly dynamic and site-specific; iii) changes in the slope 

of the patch-size distribution can represent the changes of halophytic vegetation in response to environmental 

forcing; iv) although the observed dieback event of Spartina notably led to a relative lower AGB in 2003, 

the AGB reached its previous level in 2006 and then maintained a consistency until 2019; v) the distance to 

channels cannot be a reliable indicator of vegetation distribution and spatial dynamics, whereas the AGB 2115 

generally decreases with longer distances to channels. We speculate that the increase in the AGB between 

2003 and 2006 is an indicator of the biomorphodyanmic feedbacks to balance such loss, highlighting the 

high dynamic of marsh ecogeomorphic processes. Moreover, we suggest that remote sensing data with high 

spatial resolutions (O (1 m)) and suitable vegetation classification methods are useful tools to support further 

efforts on marsh evolution and simulations.  2120 

5.1 Introduction 

Salt marshes are important wetland ecosystems located between mean sea level (MSL) and mean high water 

level (MHWL), representing transition zones between marine and terrestrial systems (D’Alpaos and Marani, 

2016; Kirwan and Murray, 2008; Marani et al., 2004; Reents et al., 2021). Salt marshes provide important 

ecosystems services. They are characterized by high biodiversity and primary productivity (Janousek et al., 2125 

2016; Morris and Haskin, 1990; Scarton, 2006), protect coastal lines from waves and storms (Möller et al., 

2014; Möller and Spencer, 2002; Rupprecht et al., 2017), and act as highly efficient organic carbon sinks 

(Kirwan and Mudd, 2012; Mueller et al., 2016, 2019). However, marshes are disappearing fast over the 

world  (Campbell et al., 2017; Carniello et al., 2009; Marani et al., 2007; Jankowski et al., 2017; Schuerch 

et al., 2018; Tommasini et al., 2019;  Day et al., 2000; Gedan et al., 2009), mainly due to the increase in 2130 

relative sea level (Blum and Roberts, 2009; Horton et al., 2018; Kirwan et al., 2010), wave-associated lateral 

erosion (Marani et al., 2011) and increasing human activities (D'Alpaos, 2010; Enwright et al., 2016; Silvestri 

et al., 2018). 

Halophytic vegetation species, the salt-tolerant plants that populate salt marshes, significantly influence 

marsh erosional and depositional patterns and contribute to marsh survival through complex 2135 

biomorphodynamic feedbacks (D’Alpaos et al., 2007b; Fagherazzi et al., 2012; Kirwan et al., 2016a; Kirwan 

and Megonigal, 2013; Marani et al., 2007). Halophytic vegetation can increase flow resistance and alter the 

hydrodynamic field (Bouma et al., 2007; Bouteiller and Venditti, 2015; Temmerman et al., 2007), directly 

trap inorganic sediment (Mudd et al., 2004, 2010; D'Alpaos, 2011; Fagherazzi et al., 2012),  and directly 

contribute to marsh accretion through organic soil production (Janousek et al., 2016; Kirwan and 2140 

Guntenspergen, 2012; Morris et al., 2002; Mudd et al., 2004).  
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Halophytic vegetation distribution is mainly controlled by edaphic conditions (Colmer and Flowers, 2008; 

Herrero and Castañeda, 2013; Osland et al., 2014; Qi et al., 2018; Snedden et al., 2015; Ursino et al., 2004; 

Vittori Antisari et al., 2017; Watson and Byrne, 2009; Xin et al., 2013), inter-specific activities (Bertness and 

Ewanchuk, 2002; Engels et al., 2011; Pennings et al., 2003; Pennings and Callaway, 1996; Steven C Pennings 2145 

and Callaway, 1992) and plants ability to change salt-marsh landscapes through biogeomorphic feedbacks 

(D’Alpaos et al., 2012; Da Lio et al., 2013; Marani et al., 2013). Halophytic vegetation is spatially organized 

in sharply defined patches composed of single species or of typical species associations, forming zonation 

patterns (Álvarez Rogel et al., 2001; Engels et al., 2011; Janousek et al., 2016; Moffett et al., 2012, 2010; 

Steven C. Pennings et al., 2005; Steven C. Pennings and Callaway, 1992; Silvestri and Marani, 2004). 2150 

Standing on a marsh platform one can indeed observe many small patches, progressively rarer large ones, 

and no characteristic patch size s (Marani et al., 2006a; Taramelli et al., 2018; Weerman et al., 2012), such 

that the patch-size distribution displays statistical self-similarity, i.e., it can be described by a power-law, 

indicating that marsh vegetation is self-organized (Kéfi et al., 2007; Taramelli et al., 2018; van Belzen et al., 

2017; Zhao et al., 2019). 2155 

Previous analyses have documented that halophytic vegetation displays a characteristic vertical distribution 

in the tidal frame(Donnelly and Bertness, 2002; Silvestri et al., 2005), i.e. each species occupies specific 

elevation ranges. Some authors suggest that the distance to tidal channels controls the distribution and 

richness of halophytic vegetation species(Sanderson et al., 2001, 2000), whereas others suggest otherwise 

(e.g., Silvestri et al., 2005; Marani et al., 2006). Halphytic vegetation vertical distribution has been widely 2160 

documented worldwide (Janousek et al., 2019; Marani et al., 2003b; Steven C. Pennings et al., 2005; Qi et 

al., 2021; Schoutens et al., 2020; Silvestri et al., 2003) and accounted for in biomorphodynamic models of 

marsh evolution (D’Alpaos et al., 2007b; D’Alpaos and Marani, 2016; Da Lio et al., 2013; Feagin et al., 

2010; Marani et al., 2013). However, observational evidence on marsh vegetation spatial distribution and 

dynamics at high resolution spatial and temporal scales is still limited (Zheng et al., 2016), thus calling for 2165 

further efforts on field observations and monitoring. 

Changes in vegetation spatial distribution are agreed to retain the signatures of changes in the environmental 

forcing and inter-specific cooperation or competition (Steven C. Pennings et al., 2005; Qi et al., 2021). In 

specific, the patch size distribution represents the physical stress (Kéfi et al., 2007; Taramelli et al., 2021) 

and inter-specific feedbacks (Scanlon et al., 2007). In addition, vegetation replacement is the net result of 2170 

changes in edaphic conditions and species interactions, i.e., species, occupying higher marsh portions, will 

be replaced by those living within lower marsh areas when the marsh sites are subjected to the submergence 

beyond a threshold value (Steven C. Pennings et al., 2005; Qi et al., 2021; Strain et al., 2017). In particular, 

the disappearance of vegetation is an alarming signal for marsh survival (Ganju et al., 2017), because this 

would eliminate the biomorphic feedbacks that sustain marsh survival, possibly leading to the submergence 2175 

and transition to tidal flats (Coleman and Kirwan, 2019; Schulze et al., 2021). As a result, the description of 

halophytic vegetation replacement, especially the transition from vegetated to unvegetated configurations, 

is of critical importance to our current understanding and capability to predict marsh dynamics and survival, 
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althoug the number of related analyses is still limited. 

Due to the high dynamic of halophytic vegetation and difficulties to reach lower marsh portions, conducting 2180 

conventional marsh-wide in-situ measurements and sample collections are labor-intensive and time-

consuming (Elmore et al., 2000; Zheng and Moskal, 2009). Remote sensing is a useful tool for the long-term 

monitoring of vegetation dynamics. Many previous remote-sensing studies aiming at detecting changes in 

marsh vegetation spatial distribution, either used images with low spatial resolutions (O (10 m)) (Gong et 

al., 2021; Klemas, 2011; Mahdianpari et al., 2020; Olliver and Edmonds, 2017; Taramelli et al., 2017) or 2185 

focused on multi-spectral data derived vegetation indices (Fagherazzi et al., 2019; Schwarz et al., 2014; Feng 

et al., 2016; Ghosh et al., 2016; Laengner et al., 2019; Moffett et al., 2015; Lalimi et al., 2017; Zinnert et al., 

2016). The main disadvantage of these analyses is that difficulties arise in accurately capturing vegetation 

spatial dynamics and replacement due to the high heterogeneity of vegetation species at the above recalled 

spatial resolution (O (10 m)) (Sadro et al., 2007; Wang et al., 2007; Yang et al., 2020). Another drawback is 2190 

that the above recalled analyses cannot describe the species-specific response of halophytic species to 

changes in the environmental conditions. In addition, some vegetation indexes are sensitive to the appearance 

of water (Kearney et al., 2009), leading to the increase in the noise in their delivered information on 

vegetation distribution and richness. A large number of classification algorithms for vegetation spatial 

distribution  have been developed and applied to images with fine pixel-sizes (O (1 m)) (Artigas and 2195 

Pechmann, 2010; Belluco et al., 2006; Berhane et al., 2019; Chai et al., 2019; Davranche et al., 2010; Juel 

et al., 2015; Marani et al., 2006b, 2003b; O’Neil et al., 2018; Sadro et al., 2007; Van Beijma et al., 2014; 

Wang et al., 2007; Yang et al., 2020; Yeo et al., 2020). Yet, the number of studies focusing on the changes in 

the spatial distribution of typical species and/or associations based on high spatial resolution data is still 

limited (Campbell et al., 2017; Campbell and Wang, 2020, 2019; Jensen et al., 2020; Sun et al., 2020). A 2200 

clear gap exists that prevents the detection of vegetation spatial changes with high spatial resolutions. To fill 

this gap, we applied a recently developed halophytic vegetation classification method (Yang et al., 2019) to 

a series of remote sensing images with high spatial resolution (O (1 m)), in order to detect changes in the 

spatial distribution of typical species and associations. 

The above-ground biomass (AGB), which is intrinsically related to the below-ground biomass (BGB) (Adam 2205 

Langley et al., 2013; Curcó et al., 2002; Daleo et al., 2008; O’Connell et al., 2021; Penk et al., 2020), is an 

important indicator of marsh eco-morphodynamic processes and survival (D’Alpaos et al., 2011; Kirwan & 

Murray, 2007; Morris et al., 2002), because it strongly controls inorganic sediment settling and capture, and 

organic soil production (Curcó et al., 2002; Mudd et al., 2010; Kirwan and Guntenspergen, 2012; Wu et al., 

2020), , The AGB of some typical marsh vegetation species has widely been documented thorugh in-situ 2210 

field observations and related laboratory analyses (Janousek et al., 2016; Liao et al., 2008; Morris et al., 

2002; Morris and Haskin, 1990; Mudd et al., 2009; Scarton, 2006; Scarton et al., 2002), whereas the 

spatially-extended estimation of AGB has seldomly been documented (Jensen et al., 2020; van Belzen et al., 

2017). At the same time, changes in AGB in response to variations in the environmental forcing are strongly 

species-specific (Huckle et al., 2000; Janousek et al., 2016, 2020) and are also influenced by interspecific 2215 
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interactions (Pennings et al., 2005). As a consequence, changes in AGB at the whole marsh scale have 

seldomly been documented (Ghosh et al., 2016). The coupling of field observations and remote sensing 

analyses provides the opportunity to accurately estimate the AGB at the marsh-landscape scale, where a 

variety of vegetation species can be observed(Jensen et al., 2020; Kulawardhana et al., 2014; Roelfsema et 

al., 2014; Silvestri et al., 2005). Thus, limited kwowledge on the distribution of and changes in AGB at the 2220 

whole marsh scale hinders analyzing the eco-morphodynamic processes by considering changes in AGB 

over a whole marsh. In order to bridge this gap, this study also estimated and analyzed the variations in AGB 

over the marsh by using the same remote sensing dataset that was used in the analyses of vegetation 

distribution.  

Towards the goal of improving the current understanding of key eco-morphodynamic processes at the marsh-2225 

lanscaope scale, a temporal series of multi-spectral images with a high spatial resolution (O (1 m)) acquired 

between 2001 and 2019 was analyzed to describe changes in the spatial distribution of halophytic vegetation 

species. Together with the local field observed AGB dataset (Scartion, 2006), the distribution and dynamics 

of related above-ground biomass were also explored. The main aims of this study are to: (1) explore the 

possibility to analyze changes in the spatial distribution of marsh vegetation and the above-ground biomass 2230 

by using high-resolution (O (1 m)) remotely sensed images; (2) detect variations in vegetation distribution 

through the analysis of vegetation replacement and changes in patch-size distribution; (3) explore the 

changes in above-ground biomass at the marsh spatial scale.  

5.2 Methods 

5.2.1 Research area 2235 

Our research was carried out in the San Felice salt marsh, which is located in the northern area of the Venice 

lagoon (Italy, Figure 5.1a). The Venice lagoon, situated in the northeastern part of Italy, is the largest lagoon 

in the Mediterranean Sea with a waterbody area of about 550 km2. It is characterized by a semi-diurnal tide 

with an average tidal range of about 1.0 m and a maximum spring tidal range of approximately 1.5 m. The 

lagoon is connected to the Adriatic Sea through three inlets: Lido, Malamocco and Chioggia. Salt marshes 2240 

in the Venice lagoon have severely been eroded in the last decades (Carniello et al., 2009; Laengner et al., 

2019; Tommasini et al., 2019), mainly because of drowning, wave-induced lateral erosion and human 

activities such as river diversion (D’Alpaos, 2010; Day et al., 1998; Marani et al., 2011; Silvestri et al., 2018; 

Tommasini et al., 2019). 

The San Felice marsh (Figure 5.1b) is slightly affected by human activities and is thus agreed to be one of 2245 

the most naturally preserved areas within the lagoon (Marani et al., 2006b; Roner et al., 2016; Yang et al., 

2020). Unfortunately, this marsh is currently threatened by the increase in the relative mean sea level 

observed in the first two decades of the current century, because local accretion rates (ranging between 1.7 

and 4.3 mm/yr, Yang et al., submitted) have been shown to be unable to balance the rate of relative sea level 

rise (4.4 mm/yr, Valle Levinson et al., 2021; Yang et al., submitted). As a result, it is really urgent to 2250 
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quantitatively analyze local marsh vegetation dynamics and related biomorphodynamic processes. This issue 

is timely and relevant for many other marsh areas worldwide. 

Four main halophytic vegetation species are observed on the San Felice marsh. These species are typical of 

the Venice lagoon and of the Mediterranean climate, including annual species (species finish their entire life 

cycle in a single growing season), i.e., Salicornia veneta (hereafter “Salicornia”), and perennial species 2255 

(species can persist for many years), i.e., Spartina maritima (hereafter “Spartina”), Limonium narbonense 

(hereafter “Limominum”) and Sarcocornia fruticosa (hereafter “Sarcocornia”).  

Each vegetation species occupies specific elevation ranges (e.g., ecological niche), leading to the observation 

of a typical species sequence in the vertical frame. Salicornia encroaches lowest marsh boundaries, Spartina 

encroaches relatively lower marsh elevations, Limonium is more likely to be observed on areas with higher 2260 

elevations, and Sarcocornia prefers to occupy even higher marsh areas (Belluco et al., 2006; D’Alpaos and 

Marani, 2016; Da Lio et al., 2013; Marani et al., 2013, 2006a; Silvestri et al., 2005, 2003; Silvestri and 

Marani, 2004; Yang et al., 2020). Limonium and Sarcocornia are always highly mixed with each other (Wang 

et al., 2007; Yang et al., 2020), constituting a typical association encroaching the highest marsh portions.  

2.2 Remote Sensing Observations 2265 

Because the main aim of this study is to analyze halophytic vegetation dynamics at the whole marsh scale 

with a high spatial resolution,  a dataset composed of 5 multi-spectral data with fine pixel sizes (O (1 m)), 

acquired between 2001 and 2019, was analysed. Our remote sensing dataset includes data from the following 

sensors: 

(1) IKONOS. The IKONOS data are composed of 4 multi-spectral bands, ranging from visible and 2270 

near-infrared bands with a spatial resolution of 4 m, and a Panchromatic band (409-1048 nm) with 

a finer resolution of 1 m (Belluco et al., 2006). 

(2) QuickBird (QB). The QB data are composed of 4 multi-spectral bands (450–520; 520–600; 630–

690; 760–900 nm), having a ground resolution of about 2.88 m, and a Panchromatic band (405-1053 

nm) with a spatial resolution of about 0.72 m (Belluco et al., 2006). 2275 

(3) World-View 2 (WV2). The WV2 data contain a high-resolution (0.5 m) Panchromatic band (447-

808 nm) and eight lower spatial resolution (2 m) spectral bands, spanning 4 primary multispectral 

bands (including traditional blue, green, red and near-infrared 1 bands) and 4 application-oriented 

bands (coastal, yellow, red edge, and near-infrared 2 bands) (Yang et al., 2020). 

General information of these images is also summarized in Table 5.1. It should be recalled that  the tidal 2280 

level is an important factor influencing the accuracy of vegetation classification (Kearney, 2015; Yang et al., 

2020). Moreover, the season of data acquisition can also influence the vegetation distribution map because 

vegetation traits change in different seasons (Morris, 1990), especially as far as annual species are concerned, 
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because they almost finish their life cycle in winter. Thus, information on both image acquisition date and 

tidal level (measured at the Punta Salute station, Figure 5.1a) is also included in Table 5.1.  2285 

5.2.3 Field surveys  

To provide correct ground truthing information for the vegetation species classification, the paired ancillary 

field surveys were carried out within 3 months before/after each data acquisition. During each field campaign, 

regions of interest (ROIs, i.e., ground-truthing areas used for training and validating classification model) 

were randomly selected over the marsh to include all local typical single species and species associations. In 2290 

each ROI, the fractional abundance (FA, i.e., relative vertical projection area occupied by a given species) 

of each species and bare soil were estimated using the standard Braun-Blanquet visual method (i.e., records 

the presence of each species by 10 intervals between 0% and 100%) (Belluco et al., 2006). The boundary of 

each ROI was accurately delimited through differential GPS (Leica CS15 in RTK mode, minimum accuracy 

of ±1 cm). Finally, all ROIs were overlaid on the corresponding georeferenced multi-spectral images (as 2295 

explained in Section 5.2.4) and only pixels entirely falling within an ROI were selected to build a dataset 

used to construct classification models. 

5.2.4 Image preprocessing 

Despite classification accuracy and final species maps being seldom affected by the atmospheric correction, 

such corrections are still carried out here to provide more reliable spectral information to possible 2300 

comparisons with past or future acquisitions and analyses. In specific, IKONOS and QB images were 

atmospherically corrected by the usage of MODTRAN (Richter and Schläpfer, 2002) and the remaining 

WV2 acquisitions were atmospherically corrected using the Fast Line-of-sight Atmospheric Analysis of 

Spectral Hypercubes (FLAASH) algorithm (Matthew et al., 2002) in Envi 5.4 based on the “Mid-Latitude 

Winter” Atmospheric Model and the “Maritime” Aerosol Model and aerosol optical thickness data at the 2305 

nearest AERONET station on the acquisition date (https://aeronet.gsfc.nasa.gov/). Then, all multi-spectral 

data were pan-sharpened using the corresponding panchromatic bands through the Gram–Schmidt Pan 

Sharpening algorithm (Maurer, 2013) in Envi 5.4. After that, all images were spatially corrected by using 5 

stable points. To avoid problems caused by differences in spatial resolution, the georeferenced QB and WV2 

data were resampled to those with a spatial resolution of 1 m to be consistent with IKONOS data by using 2310 

the nearest neighbor method. Spatial correction and resample were performed in ArcGIS 10.8.  

5.2.5 Detection of changes in the marsh area 

The boundaries of the marsh, of the channel network, and of the inner pond (Figure 5.1) in each image were 

manually digitalized to estimate the area within marsh boundary, marsh area, channel area, and inner pond 

area (Fig. 5.1b). The manual digitalization and area determination were performed in ArcGIS 10.8. Finally, 2315 

rates of change in these areas over the considered period were estimated through the linear regression method. 

5.2.6 Image classification and accuracy estimation 

https://aeronet.gsfc.nasa.gov/
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It is generally agreed (Berhane et al., 2019; Costa et al., 2017) that the most abundant species maps generated 

by considering the fractional abundance (FA), which are estimated by algorithms trained and tested by 

heterogeneous and homogenous patches, are more reliable than the traditional hard classification maps, 2320 

which are trained by only dominant (FA > 60%) patches. Moreover, the estimation of the FA of each species 

or bare soil also allowed us to estimate the above-ground biomass by using an empirical dataset, that is 

considered to be more reliable than the assumption that each pixel is entirely occupied by a single species or 

bare soil. Thus, in the present study, we estimated the FA of each species and bare soil by using the Random 

Forest soft classification method, which was shown to be reliable for halophytic vegetation classification in 2325 

marsh landscapes (Yang et al., 2020).  

The Random Forest (RF) is a machine learning algorithm based on the ensemble of Classification and 

Regression Trees (CARTs) (Breiman, 2001). In this method, pruning CARTs are trained on the basis of 

field observed classes (species) and sample weights (observed FA in each ROI). After this phase, when an 

unknown pixel value is input into the model, each CART assigns it to a specific class independently, which 2330 

can be considered as the ‘vote’ for a class. Then, the RF records the probability value that the pixel belongs 

to one specific species, based on the frequency of the votes to each class (Breiman, 2001), and finally 

interprets this probability value as the fractional abundance of this species or bare soil. Following Yang et 

al. (2020), the RF algorithm is applied using the Scikit-learn package (Pedregosa et al., 2011). The number 

of CARTs (ntree) was selected as 490 and the remaining parameters were pre-decided as the default values 2335 

in the Scikit-learn package. Detailed information and the advantages of the RF can be found in the 

literature (Breiman, 2001, 1996; Immitzer et al., 2012; Yang et al., 2020).  

In this work, to accurately provide vegetation distribution information, the RF was constructed and 

validated independently for each image on the basis of the paired field surveys. Specifically, for the data in 

each year, pixels in the original ROIs of each field survey were randomly divided into two independent 2340 

sub-datasets, i.e., 75% of the pixels were used for training the model and the remaining 25% pixels were 

used for the validation. At the end of the classification, the observed FA in the validation sub-dataset was 

used to test the accuracy and the error of estimated FA by RF for each species, represented by root-mean-

square error (RMSE) and the coefficient of determination (R2): 

RMSE = √∑ (𝑦𝑖−�̂�𝑖)𝑛
𝑖=1

2

𝑛
 (5.1) 2345 

𝑅2 =
∑ (�̂�𝑖−�̅�)2𝑛

𝑖=1

∑ (𝑦𝑖−�̅�)2𝑛
𝑖=1

 (5.2) 

where 𝑦𝑖, �̂�𝑖, and 𝑦 represents the ground referential value, the predicted value, and the average of the 

observed values respectively, and n is the size of the validation dataset. 

After estimating of FA for each species and bare soil, the most abundant species in each pixel was chosen as 

the one with the highest FA, indicating that pixel as dominated by, and considered as the habitat of, that 2350 
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particular species (Van Beijma et al., 2014). As mentioned above, Limonium and Sarcocornia are always 

highly mixed with each other and represent the associations occupying higher marsh portions. Therefore we 

consider pixels where either one of or the sum value of their FAs are higher than other species as habitats of 

such a typical association, classified as Limonium and Sarcocornia. 

5.2.7 Post-classification change detection  2355 

The manual digitalization of marsh area and channel network allowed us to accurately determine the distance 

(l) of any marsh site to the nearest channel. The distance of each marsh pixel to the channels was calculated 

by the Euclidean distance in MATLAB R2020a. In order to describe the relative position of each species 

with reference to the channel network, we used the frequency of l for each most abundant species to represent 

vegetation spatial distribution, and further used the temporal changes in l to describe variations in the position 2360 

of each species. 

We defined the patch boundaries of the most abundant species by using the von Neumann neighborhood (i.e., 

four neighborhood) method (Toffoli and Margolus, 1987). Then, the probability (P) distribution of the patch-

size of each species was calculated and fitted by a power-law distribution through the least square method. 

The power law can be expressed as: 2365 

𝑃(𝑋 ≥ 𝑥) ∝ 𝑥−𝑎 (5.3) 

where x is the patch size and α is the scaling exponent of the distribution (Kéfi et al., 2011, 2007; Pascual 

et al., 2002; Taramelli et al., 2013; Weerman et al., 2012). 

5.2.8 Empirical estimation of above-ground biomass production  

Based on the RF-yielded FA map of each species and the field-observed above-ground biomass dataset 2370 

(Scarton, 2006), we empirically estimated the above-ground biomass (eAGB) for each year. Scarton (2006) 

measured the dry weight of each species on a large number of marshes across the Venice lagoon. To minimize 

the error in the AGB estimation, we selected the average value that Scarton (2006) measured from different 

marshes   to empirically represent the characteristic AGB for each species (𝑒𝐴𝐺𝐵𝑖), as if it entirely covererd 

an area of 1 m2, as shown in Table 2. Thus, the eAGB in each pixel was calculated as: 2375 

𝑒𝐴𝐺𝐵 = 𝐹𝐴𝑖  ∙  𝑒𝐴𝐺𝐵𝑖 (5.4) 

where FAi is the FA of ith species. Finally, the changing rate of eAGB (RAGB) was calculated by applying 

the linear fitting method to the eAGB values in the temporal series of the corresponding pixels and the 

frequency distribution of the RAGB was analyzed by using the Kernel Density Estimator (Bowman and 

Azzalini, 1997) in MATLAB 2020a.2380 
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Table 5. 1: Information on the remote sensing data 

Acquisition year 2001 2003 2006 2013 2019 

Sensor IKONOS QuickBird IKONOS World-View 2  World-View 2  

Spatial resolution P: 1 m M: 4 m P: 0.72 m M: 2.88 m P: 1 m M: 4 m P: 0.5 m M: 2 m P: 0.5 m M: 2 m 

Acquisition date 26/06 25/07 31/08 03/12 07/11 

Flight time (GMT) 10:00 9:45 10:37 10:24 10:23 

Tidal level  −45 cm +7 cm +8 cm +43 cm +45 cm 

P=panchromatic; M=multispectral 

Table 5. 2: The empirical dry weight of each species (g/m2) based on data by Scarton (2006) used to determine the estimated above-ground biomass (eAGB). 

i (Species) Dry weight 

(g /m2)  

Salicornia 583 
 

Limonium 222 
 

Sarcocornia 887 
 

Spartina 534 
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Table 5. 3: Accuracy information of the RF soft classifier. Limo = Limonium, Sarc = Sarcocornia, Spar = Spartina, Sali = Salicornia. 2385 

  2001   2003   2006   2013   2019   

  R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE 

Limo 0.63 19.00 0.69 12.64 0.72 16.64 0.86 12.47 0.80 16.18 

Sarc 0.82 16.27 0.64 10.44 0.67 18.81 0.58 14.03 0.75 14.60 

Spar 0.90 11.32 0.90 4.83 -- -- 0.68 11.37 0.70 12.02 

Sali -- -- -- -- 0.87 5.49 0.58 9.95 0.71 13.00 

Soil 0.87 9.54 0.74 9.53 0.89 9.85 0.95 9.47 0.88 8.81 

Table 5. 4: Statistics of l for each species in each observation year. Limo & Sarc = Limonium and Sarcocornia, Spar = Spartina, Sali = Salicornia 

l (m) 
2001     2003     2006     2013     2019     

25th 50th 75th  25th 50th 75th  25th 50th 75th  25th 50th 75th  25th 50th 75th  

Limo & Sarc 5.0 8.9 15.6 4.0 7.3 13.9 5.4 9.2 15.8 3.2 7.0 13.3 3.6 7.1 14.0 

Spar 5.0 11.2 19.2 4.0 8.5 15.0 -- -- -- 5.7 9.8 15.3 6.4 10.6 15.5 

Sali -- -- -- -- -- -- 2.0 6.0 13.6 5.8 10.0 16.1 3.6 7.0 13.0 

25th = 25th percentile; 50th = median; 75th = 75th percentile  
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Figure 5. 1: Research area. (a) shows the position of the San Felice marsh; (b) shows the map of the San 2390 

Felice marsh (RGB of IKONOS in 2001). 

5.3 Results 

5.3.1 Marsh area changes 

We first analyzed changes in the marsh area between 2001 and 2019. Figure 5.2 shows a declining trend in 

marsh area with a rate of about 2345 m2/yr (from about 52×104 in 2001 to about 48×104 m2 in 2019). In fact, 2395 

the marsh boundary retreat (inner boundary area decreased with a rate of about 1308 m2/yr), the expansion 

in channel planform area (787 m2/yr), and the slight enlargement in the inner pond area (250 m2/yr) resulted 

in the shrinking of the marsh area (Figure 5.2a). 

The lateral-retreat of marsh boundary and the expansion of the channel planform area possibly indicate an 

increase in channel crosse-ctional area, which is strongly related to the flowing tidal prism (D’Alpaos et al., 2400 

2010; Marani et al., 2006a). We suggest that this is a symptom of the erosional trend of the marshes in the 

Venice lagoon, because the decrease in marsh elevations and the deepening of the tidal flats (Tommasini et 

al., 2019), locally and at the whole system scale, lead to larger tidal prisms, which further lead to channel 

headward extension and increase in channel cross-sectional size (D’Alpaos et al., 2007b, 2005). 
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 2405 

Figure 5. 2: Changes in marsh area between 2001 and 2019. (a) shows the rate of change of channel area, 

inner pond area, marsh area, and area within marsh boundaries; (b) shows an example of the marsh area 

digitalization by using the WV2 image in 2019. 

5.3.2 Vegetation classification  

Table 5.3 shows the accuracy information of the fractional abundance (FA) in each year estimated by the RF 2410 

soft classifier, and highlights the high accuracy of the classification for each acquisition year (0.58 < R2 < 

0.96, 5.49% < RMSE < 19.0%). This suggests that the most abundant species or bare soil maps (Fig. 5.3a-

e) provide reliable information on halophytic vegetation distribution patterns in the considered period. 
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Figure 5. 3: Changes in the distribution of the most abundant species in the San Felice marsh between 2415 

2001 and 2019. (a) – (e) show the maps of the most abundant species between 2001 and 2019; (f) shows 

changes in the area of each most abundant species or bare soil. 

5.3.3 Changes in the area of each most abundant species or bare soil 

Visual observation on the most abundant species maps suggests that the area of Spartina habitat almost 

disappeared in 2006 (Fig. 5.3c and f), following a sharp decline between 2001 and 2003 (Fig. 5.3a, b and f). 2420 

This indicates the possible occurrence of a Spartina dieback event in this period. Salicornia seems to be an 

invasive species for the San Felice marsh, because it was not observed in the San Felice marsh before 2006 

(Figs. 5.3a, b and f). We also note that the areas mainly encroached by Salicornia in 2013 are smaller than 

those observed in 2006 and 2019 (Fig. 5.3c, d and f), likely due to the fact that the WV2 image used to 

determine vegetation distribution in 2013 was acquired in winter (Table 5.1), when Salicornia almost 2425 

finished its life cycle and almost disappeared from the marsh. In addition, areas encroached by Limonium 

and Sarcocornia generally increased over these 18 years. 

Fig. 5.4 provides information on the vegetation replacement in each time interval, indicating that the inter-
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species replacement and transitions between vegetated and unvegetated states are commonly observed in 

each interval. Between 2001 and 2003 (Fig. 5.4a), the wide disappearance of the Spartina resulted in the 2430 

enlargement of bare-soil areas. Limonium and Sarcocornia encroached some bare soil areas between 2003 

and 2006, and the encroachment of Salicornia also resulted in a decrease in unvegetated areas (Fig. 5.4b). 

Fig. 5.5c shows that, between 2006 and 2013, Limonium and Sarcocornia kept encroaching bare soil areas, 

while Spartina reappeared on this marsh mainly through the colonization of unvegetated areas, of some 

portions that were previously occupied by Limonium and Sarcocornia, or of its previous habitats (Fig. 5.3). 2435 

After 2013 (Fig. 5.5d), some species replacements were still observed, related in particular to the transitions 

between bare soil and vegetation configurations. In fact, the replacement of Limonium and Sarcocornia by 

Salicornia was also observed between 2013 and 2019, mainly due to the fact that a large amount of 

Salicornia almost finished its life and disappeared when data the acquisition in 2013 (December, Table 5.1). 

As a consequence, the remaining Limonium and Sarcocornia became the local most abundant species, while 2440 

Salicornia was highly abundant in those portions when acquired data in 2019 (November, Table 5.1). Figs. 

5.3 and 5.4 suggest that transitions among different dominant species or bare soil are widely distributed over 

the marsh, and adjacent sites (pixels) were not subjected to clear replacement patterns, further indicating the 

site-specific and high dynamic behavior of marsh ecogeomorphic patterns.   
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 2445 

Figure 5. 4: Vegetation replacement in each observation interval. The horizontal axis shows the species 

observed in each year, the vertical axis shows the percentage value of the area conditioned by the 

appearance of the most abundant species in each observation date and occupied by each species in the last 

observation date. Limo & Sarc = Limonium and Sarcocornia, Spar = Spartina, Sali = Salicornia. 

5.3.4 Spatial distribution of each species 2450 

We then analyzed the position of each species habitat relative to tidal channels. Table 5.4 and Fig. 5.5 provide 

information on the distance to the closest channel (l) in each year. Fig. 5.5 shows that the peaks in l-frequency 

for all species fall with a distance of about 10 m to the channels, indicating that all species prefer the encroach 

marsh portions close to channels, due to the fact that the marsh displays a concave-up profile with higher 
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portions close to the channels and that oxygen content in soil is higher along channel sides and rapidly 2455 

decreases with distance from channels (Ursino et al., 2004).  

Variations in the peak values of l- frequency for each species also suggest that the relative position of each 

species referred to channels networks can be horizontally shifted in different years (Fig. 5a-e). In particular, 

in 2001, the frequency of Spartina decreased from channels to inner marsh portions, indicating that Spartina 

preferred to occupy areas along channels. Indeed, it was widely distributed along minor channels (Fig. 5.3a), 2460 

while Limonium and Sarcocornia tended to encroach marsh portions at a slightly longer distance (about 4.5 

m) to channels, compared to Spartina. All species (Limonium & Sarcocornia and Spartina) tended to 

encroach marsh portions with distances of about 2.5-4.5 m from channels in 2003 (Fig. 5.5b). Salicornia 

mainly encroached borders of minor channels and creeks in 2006 (Fig. 5.3c), and the peak in its l-frequency 

was observed along channels, while the peak in the l-frequency of Limonium and Sarcocornia was found at 2465 

4.5 m from the channels (Fig. 5.5c). In 2013, Limonium and Sarcocornia were more likely to be observed at 

sites with distances of about 2.5 - 4.5 m from channels, while Spartina and Salicornia preferred to occupy 

areas at slightly longer distances (about 4.5 and 7.5 m) to the channel networks (Fig. 5.5d). In   2019, both 

the association Limonuim and Sarcocornia and the single species Salicornia were more likely to be observed 

at sites close (about 2.5 - 4.5 m) to channels while Spartina tended to occupy areas further from channels 2470 

(Fig. 5.5e). The median and quartile values of l for each species (Table 5.4 and Fig. 5.5f) also suggest that 

the relative position of each species in the horizontal frame changed in different years. Moreover, the annual 

changes in median and quartile values of l fluctuated over the period but without any consistent trend (Table 

5.4 and Fig. 5.5f), indicating that changes in vegetation cover cannot be simply represented as a function of 

the distance to channels. 2475 



106 

 

Figure 5. 5: Distance of each species to channels in each year. (a)-(e) show the frequency distribution of l 

for each species in each observation year. (f) is the whisker plot for l in each observation year. 
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5.3.5 Patch size distribution 

The patch-size distribution of each species was then analyzed. Figure 5.6 shows that the patch-size 2480 

distribution of each species is consistent with a power law (R2 in Table 5.5) over many years, indicating that 

vegetation patches were present over a wide range of size scales, with many small patches, relatively fewer 

large ones, and without any typical patch sizes.  

 

Figure 5. 6: Patch size distribution of each species 2485 

Table 5. 5: Summary of power-law (equation 5.3) features fitted to the patch-size in the San Felice marsh. 

Limo & Sarc = Limonium and Sarcocornia, Spar = Spartina, Sali = Salicornia, std = standard deviation. 

Species 2001   2003   2006   2013   2019   std 
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a R2 a R2 a R2 a R2 a R2 

Limo & Sarc 1.15 0.94 0.95 1.00 0.93 0.90 0.87 0.97 0.90 0.98 0.099 

Spar 1.07 0.97 1.13 1.00 -- -- 1.42 0.99 1.30 1.00 0.138 

Sali -- -- -- -- 1.13 0.99 1.50 1.00 0.94 1.00 0.234 

 

5.3.6 estimated above ground biomass 

Figure 5.7a-e show the maps of the empirical above-ground biomass (eAGB) in the San Felice marsh 2490 

between 2001 and 2019, which were estimated by coupling FA maps and the field-observed dataset (Table 

4). Visual observation suggests that, in each year, some of the narrow marsh portions along the marsh 

boundaries were more likely to be characterized by higher eAGB. Fig. 5.7g confirms this trend, indicating 

that the eAGB generally decreases from channels to inner marsh portions, although there are a few inner 

sites with higher eAGB. The declining trend of eAGB with longer distances to channels can be attributed to 2495 

the fact that channels are able to ameliorate soil conditions by increasing oxygen availability (Ursino et al., 

2004; Xin et al., 2013) and to increase elevations on both sides (Temmerman et al., 2003a) thus decreasing 

waterlogging period and frequency. The appearance of a few inner marsh sites with higher eAGB can be 

attributed to the lower physical pressure (Pennings et al., 2005) caused by local higher elevations (Roner et 

al., 2016), which can be observed by coupling elevation data (Wang et al., 2009) and eAGB maps (Figure 2500 

5.7a-e). 
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Figure 5. 7: Variations in the eAGB in the San Felice marsh; (a)-(e) show the eAGB maps of the San Felice 

marsh; (f) shows the changes in the total eAGB and average value of eAGB in the marsh surface with an 

area of 1 m2. (g) shows the changes in the average value of eAGB with increasing distance to channels. 2505 

 

In general, both the total and average values of eAGB maintained almost constant over the period (Fig. 5.7f), 

with an exception of 2003 when we observe a dieback event of Spartina (Fig. 5.3). The sum value of eAGB 

decreased from 18.90×104 (2001) to 15.15×104 kg (2003, Fig. 5.7f). We speculate this notable decrease in 

AGB is associated with the dieback event, with the wide replacement of Spartina by bare soil (Fig. 5.3a and 2510 

b). After 2003, the total and/or average values of eAGB increased until 2006 and then maintained constant. 

Fig. 7g shows that the average values of eAGB in most of the marsh sites referred to channels in 2003 are 

lower than the corresponding values in other years, confirming the general trend observed in Fig. 5.7f. 

5.4 Discussion  

In this study, we analyzed the spatial distribution patterns of the most abundant species with a spatial 2515 

resolution of 1 m shown in Fig. 5.3. The FA estimation is based on the application of the RF soft classification 

method, characterized by the high accuracy (Table 3, 0.58 < R2 < 0.96, 5.49% < RMSE < 19.0%), suggesting 
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that the RF soft method is reliable in the assessment of halophyte species FA and the most abundant species 

mapping, thus potentially to be a useful tool to facilitate the analyses of marsh eco-morphodynamic processes. 

In addition, based on the application of the RF soft method to a temporal series multi-spectral image, we 2520 

further explored the dynamics of the most abundant species and the empirical above-ground biomass in a 

high spatial resolution, highlighting that the dynamics of halophytic species and the relevant above-ground 

biomass can be detected by using remote sensing data with a high spatial resolution (O (1 m)). 

5.4.1 Vegetation die-off 

The process that vegetation is replaced by bare soil is considered as the die-off in the current study. Between 2525 

2001 and 2006 (Fig. 5.8), Spartina is the species characterized by the highest die-off probability, mainly 

because of the observed dieback event, which leads to the marginal increase in the area of bare soil at the 

corresponding period (Figs. 5.3 and 5.8). This event has been reported in other observations over the Venice 

lagoon (Belluco et al., 2006; Strain et al., 2017). This dieback is possibly associated with the heatwave event 

starting from the spring of 2003 (Strain et al., 2017). In particular, the associated extremely high temperature 2530 

and drought lead to the increase in soil temperature and the decrease in soil moisture, further resulting in the 

wide dead biomass of Spartina (Alber et al., 2008; Strain et al., 2017). After 2006, Salicornia became the 

species with the highest die-off probability (Fig. 5.8) in the San Felice marsh. In fact, Salicornia and Spartina 

can be characterized by species with high fragility, possibly due to i) they always encroach lowest marsh 

portions characterized by tough physical conditions (e.g., higher water-logging period and frequency) 2535 

(Silvestri et al., 2005); ii) they are the lowest compatibility among species on the marsh (Pennings et al., 

2005); iii) Salicornia is the annual species, which means it has to recolonize this marsh in the Spring and the 

seeds germination is highly vulnerable to changes in environmental forcing (Gul et al., 2013; Muñoz-

Rodríguez et al., 2017; van Regteren et al., 2020); and iv) Spartina is very sensitive to the drought events 

and changes in soil chemical conditions (Alber et al., 2008).  2540 

The vegetation die-off is disastrous to the marsh, because the transition from vegetated configuration to bare 

soil represents the decrease in sedimentation (Coleman and Kirwan, 2019; D’Alpaos et al., 2011), thus 

indicating the decrease in local marsh elevation and the possibility of transit to tidal flats. Therefore, this 

study suggests the opportunity for coastal managers to monitor changes in Salicornia and Spartina as 

indicators of marsh degradation processes. 2545 
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Figure 5. 8: The percentage value of the area encroached by each vegetation species which has been 

replaced by soil in each time interval. Limo & Sarc = Limonium and Sarcocornia, Spar = Spartina, Sali = 

Salicornia. 

 2550 

5.4.2 Vegetation encroachment on bare soil 

Besides the dieoff observed above, there is also a decrease in bare soil area between 2003 and 2019 (Fig. 

5.3f), mainly due to the encroachment of vegetation. Fig. 5.9 suggests that Limonium and Sarcocornia have 

the highest ability to encroach on bare soil, leading to an increase in the area occupied by this association. 

The invasion of Salicornia in 2006 also notably reduced the unvegetated area. In fact, visual observation 2555 

suggests that large areas, used to be colonized by Spartina and Salicornia, were subjected to the transition 

from an unvegetated state to a configuration dominated by Limonium and Sarcocornia in the following years 

(Fig. 5.3b-e). We speculate that the encroachment of Limonium and Sarcocornia on those areas is associated 

with the previous appearance of the Spartina or Salicornia, who ameliorated the edaphic conditions before 

their disappearance, being characterized by the facilitation effects (Ewanchuk and Bertness, 2003).  2560 

 

Figure 5. 9: Area of each species encroach on bare soil in each observation interval. Limo & Sarc = 

Limonium and Sarcocornia, Spar = Spartina, Sali = Salicornia. 

 

The encroachment on the bare soil of vegetation is also of high importance in coastal protection and 2565 
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restoration (Brisson et al., 2014), because the reappearance of halophytic vegetation can prevent marshes 

submergence by increasing local sedimentation (D’Alpaos et al., 2011; Kirwan et al., 2016a). Therefore, the 

observed encroachment of halophytic vegetation on bare soil is speculated to be one of the symptoms that 

marsh vegetation tends to support marsh survival through the eco-morphodynamic feedbacks.  

5.4.3 Distance to channels 2570 

If one only considers the vegetation distribution can be represented by the distance to channels (l), Fig. 5.5 

and Table 5.4 display that all species in the marsh prefer to encroach marsh portions close to channels. Our 

observation suggests that there is no typical species sequence with the increasing l in every single year (Fig. 

5.5a-e), being stable over the period and the temporal variations in the l of each species did not show any 

typical trends (Fig. 5.5f). This indicates that, in the San Felice marsh, the l cannot be an indicator of 2575 

vegetation species distribution. This is different from the previous observations in other marshes (Sanderson 

et al., 2001, 2000; Zheng et al., 2016) but consistent with in-situ observations in the same marsh (Silvestri 

et al., 2005). The possible reasons for this can be explained by that the effects of channel networks on soil 

aeration conditions are limited in narrow areas from channels (Ursino et al., 2004). 

Although Fig. 5.5 and Table 5.4 show that l cannot directly represent vegetation species distribution, we still 2580 

realized that some boundaries of the marsh and edges of main channels (Fig. 5.3), characterized by higher 

marsh elevations (Roner et al., 2016) and lower physical stress (i.e., lower inundation frequency and 

waterlogging period), are encroached by Limonium and Sarcocornia, because they are of higher 

compatibility compared with Spartina and Salicornia (Pennings et al., 2005). Meanwhile, we also noticed 

that some Spartina and Salicornia constitute the narrow border of minor channels in inner bare soil areas 2585 

(Fig. 5.3), due to the fact that minor channels improve the edaphic oxygen availability of these areas and 

increase local elevations to support the establishment of these two species (Ursino et al., 2004; Temmerman 

et al., 2003). Thus, together with previous vegetation elevation analyses in the same marsh (Silvestri et al., 

2005), we suggest that the marsh elevation and inter-specific interreactions are the key controllers of 

vegetation distribution, which is also minorly affected by channel networks. 2590 

In terms of the distribution of eAGB, our analyses suggest that the average eAGB generally declines with 

longer distances to channels, indicating that channel networks control the above-ground biomass. In fact, all 

species prefer to encroach areas close to channels (Fig. 5.5a-e), thus increasing the local eAGB. All of these 

suggest that the effects of channel networks on halophytic vegetation are mainly through controlling on 

above-ground biomass, instead of species distribution. 2595 

5.4.4 Patch size distribution 

The patch-size distribution of each species in the San Felice marsh is consistent with power-laws over a 

period of multiple years (Fig. 5.6), which is consistent with observations from the same marsh (Marani et 

al., 2004, 2006) and other marshes over the world (Taramelli et al., 2018; Koppel et al., 2005; Zhao et al., 
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2019).  2600 

However, the behaviors of scaling exponent (α) of patch-size distribution over time can be characterized by 

highly species-specific (Fig. 5.6 and Table 5.5). More in detail, αLimo&Sarc decreased between 2001 and 2013, 

indicating that Limonium and Sarcocornia gradually colonized areas given by the dieback of Spartina (Fig. 

5.3) to construct continuous patches. After that, αLimo&Sarc maintained relatively constant, representing this 

association approached a relatively stable state. αSpar displayed an obvious increase between 2001 and 2003, 2605 

indicating that Spartina became more fragmented, being a result of the dieback event. While the highest 

value of αSpar appeared in 2013, implying that the initial colonization of this species is mainly in the form of 

small patches (Taramelli et al., 2018). Interestingly, the upper deviation of the patch size distribution of 

Spartina shifted to the downward deviation in 2003, possibly because this species is sensitive to the stress 

associated with the heat-wave event (Kéfi et al., 2007). In terms of the behavior of αSali, the highest value is 2610 

also observed in 2013, instead of the first year to observe it (2006). This could be due to the fact that the data 

is acquired in winter when it almost finished the lifecycle such that there were few large patches. In addition, 

αSali in 2019 is lower than that in 2006, indicating that Salicornia gradually establishes continuous patches 

after its initial colonization (Schwarz et al., 2018). All these also suggest that the high dynamic behaviour of 

marsh ecogeomorphic pattern. 2615 

Moreover, we also realized that the scaling exponent of Limonium and Sarcocornia (std = 0.099, Table 5.5) 

is more stable than the other two species (std = 0.138 and 0.234 for Spartina and Salicornia, respectively, 

Table 5.5) over the period, highlighting that the patch-size distribution of Limonium and Sarcocornia is more 

stable than that of Spartina and Salicornia. This higher stability represents that this association is more likely 

to maintain its self-similarity, being an indicator that Limonium and Sarcocornia are minor affected by 2620 

changes in external pressure (Kéfi et al., 2007), compared with Salicornia and Spartina.  

For the first time we analyzed the temporal behavior of the patch-size distribution of halophytic vegetation 

in the Venice lagoon. Indeed, the scaling exponent (α) of patch-size distribution represents the possibility to 

construct continuous patches, indicating the response of vegetation to variations in environmental forcing 

(Kéfi et al., 2007) and vegetation local-scale interactions (Scanlon et al., 2007; Van Wesenbeeck et al., 2008; 2625 

Zhao et al., 2019). On the other hand, the patch-size of each species is an indicator of fragmentation (Andren, 

1994), primarily resulting from habitat loss (Llauss and Nogué, 2012) in response to external forcing 

(Bogaert et al., 2005), thus in turn determining the vegetation ability to colonize percentage of marsh 

landscapes. Thus, we speculate that the percentage of marsh areas occupied by each specific species (Fig. 

5.5) is linked to its α. Fig. 5.10 displays the function of α and marsh portion of each species in the San Felice 2630 

marsh and Saeftinghe salt marsh in Scheldt estuary (Taramelli et al., 2018), indicating that the a is linked to 

the marsh proportion encroached by each species by a log law (fitting line in Fig. 5.10). In addition, the link 

between a and marsh proportion is strongly site-specific characteristics, because a in Saeftinghe marsh is 

higher than that in San Felice with the same marsh portion encroached by every single species or typical 

association. This relationship is very important to inform and test landscape ecological and eco-2635 
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morphodynamic models. This implies a simple way to infer the patch-size distribution of each species. 

However, this link is only tested in two cases in this study and further validation is still needed by carrying 

out spatially-extended observations over marshes populated by more than one speices.  

 

Figure 5. 10: The relationship between α and the proportion area of the marsh encroached by each species.  2640 

 

5.4.5 Biomass production 

In this study, we also analyzed the spatial distribution of and changes in the above-ground biomass (AGB). 

For the first time we analyzed the spatial distribution of AGB and detect temporal changes at a whole marsh 

scale in the Venice lagoon. The eAGB displays a consistent behavior over time, with the exaptation of 2003. 2645 

In fact, the eAGB in areas where Spartina (2001) was replaced by bare soil (2003) (Brown bar in the fourth 

column in Fig. 5.5a) decreased from 9.6×104 to 5.8×104 kg in this 2-year (Fig. 5.11), which is found to be 

almost equal to changes in total eAGB in the same period (Fig. 5.7f). We suggest this supports our hypothesis 

that the dieback event is the main reason for the relatively lower total or/and average eAGB of the marsh in 

2003 compared with other years. One might wonder why the total value of eAGB in these areas in 2003 is 2650 

not equal to 0 (Fig. 5.7f). This is mainly because some of these sites were still halophytic vegetation, but the 

FAs of these species were lower than bare soil. 

After 2003, both the average and total values of eAGB in these areas gradually increased but were still lower 

than their values in 2001 (Fig. 5.11), indicating that the AGB in these marsh portions cannot approach its 

previous state immediately (Brisson et al., 2014). Moreover, some of these portions cannot transit to the 2655 

vegetated configuration in the following years (Fig. 5.3), possibly resulting in the decrease in local elevations 

and submergence by increasing relative mean sea level. This suggests that the vegetation dieoff, especially 

the significant dieback event, is disastrous to marsh survival. 

It should be noted that Fig. 5.11 only describes the changes in eAGB in areas that were mainly encroached 

by Spartina in 2001 but replaced by bare soil in 2003 (Brown bar in the fourth column in Fig. 5.4a). Although 2660 

the changes in FA of Spartina in other marsh portions can trigger obvious variations in the local AGB, which 

is difficult to be statistically expressed mainly due to the fact that the FA of other species would be changed 
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simultaneously but also species-specifically, Fig. 5.11 still can represent the loss in AGB linked to the 

dieback event of Spartina to a high extent, since the decrease in the Spartina’s FA in these portions is more 

significant than other areas thus resulting in the replacement by bare soil. 2665 

 

Figure 5. 11: The total and average values of the above-ground biomass in areas shifted from Spartina 

(2001) to bare soil (2003). 

 

One might wonder why both the average and total values of eAGB of the whole marsh obviously increased 2670 

between 2003 and 2006 (Fig. 5.7f) and then maintained constant until 2019, although the eAGB in the areas 

mainly encroached by Spartina before 2003 cannot approach the level before its dieback. The main reason 

for that could be the expansion of Limonium and Sarcocornia and the colonization of Salicornia also 

increased the AGB in other marsh portions (Figs. 5. 9 and 5.12) to balance the AGB loss caused by the 

dieback of Spartina. Indeed, Fig. 5.11 only includes 27% percent of marsh portions, while over the majority 2675 

(68%, Fig 5.12) of marsh portions displayed an increase in AGB between 2003 and 2019. The general 

increase in RAGB after 2003 suggests that the marsh vegetation tends to increase their above-ground 

biomass to support marsh survival after significant climate change events. In fact, the changes in the above-

ground biomass are intrinsically linked to the edaphic conditions (Curcó et al., 2002; Pennings et al., 2003), 

elevations (Roner et al., 2016) and interactions among different species (Steven C Pennings and Callaway, 2680 

1992), thus further efforts focused on the coupling of in-situ measurements and spatially-extended analyses 

are still needed to facilitate further analyses on marsh biomorphodynamic evolution. 
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Figure 5. 12: The rate of above-ground biomass change (RAGB) between 2003 and 2019; (a) shows the 

distribution of RAGB over the marsh; (b) shows the frequency distribution of the RAGB.  2685 

5.4.6 Inaccuracy analyses 

A major source of the inaccuracy of this study might be high tidal levels at the acquisition time (Table 5.1) 

of images collected in 2013 and 2019 (+43 and + 45 cm above MSL, respectively). The marsh elevation 

ranges from 15 – 60 cm above MSL, indicating that large portions of the marsh were flooded when the data 

were acquired. It has been documented that the higher tidal elevation can lead to an obvious reduction in 2690 

near-infrared bands (Kearney et al., 2009), thus further reducing the accuracy of the classification and above-

ground biomass estimation.  

Another inaccuracy is the image in 2013 is collected in winter, which is characterized by the low FA of each 

species and widely disappearance of Salicornia, while others are acquired in summer and fall, characterized 

by high biomass production and FA. This would increase the noise in the analyses of changes in areas 2695 

encroached by each species and patch-size distribution analyses.  

5.5 Conclusions 

In this study, based on remote sensing data with high spatial resolution (O (1 m)) coupled with detailed field 

observations, we analyzed changes in marsh area, spatial distribution of the most abundant species, and the 

above-ground biomass in the San Felice marsh (Venice Lagoon, Italy) over a period of about 18 years.   2700 

The RF soft classification method proves to be reliable in the estimation of FA of halophytic vegetation 

species and bare soil, being characterized by high accuracy (0.58 R2 < 0.96, 5.49% < RMSE < 19.0%) when  

applied to multiple remote sensing data. The robustness of the RF soft classification method allowed us to 

analyse the distribution of each species habitat and the related changes, together with the distribution of the 

AGB y. We first conclude that the RF soft classification method and remote sensing images with high spatial 2705 

resolutions (O (1 m)) are useful tools to analyze halophytic vegetation spatial distribution and variations 
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thereof, in response to climate changes. 

Our analyses also reveal that the San Felice marsh area decreased with a rate of about 2345 m2/yr, due to the 

marsh boundary retreat, the expansion of the channel planform area, and the enlargement of the inner pond. 

This suggests that marshes in the Venice lagoon are experiencing a degradation process over the same period.  2710 

In terms of dynamics of each species, our observations suggest that Spartina and Salicornia are more 

sensitive to changes in the environmental forcing, which is also confirmed by patch-size distribution analyses, 

indicating a possibility to monitor them to study eco-geomorphological dynamics. Limonium and 

Sarcocornia were more likely to encroach bare soil to balance the increase in the unvegetated area mainly 

due to the dieoff of other species. The vegetation species replacement and transitions between vegetated and 2715 

unvegetated states were widely observed over the marsh, further emphasizing the highly dynamic behaviour 

of marsh ecogeomorphic patterns. 

The patch-size distributions of each species are consistent with power laws, but with different slopes, 

possibly indicating the high dynamic behavior of marsh biogeomorphodynamic processes. We suggest that 

slope changes represent vegetation response to variations in environmental forcing, emphasizing the 2720 

opportunity for coastal managers and researchers to describe vegetation dynamics. Moreover, we realized 

that the scaling factor (a) is linked to the total proportional marsh area encroached by each typical species 

or association, which can be a useful tool to inform and test further ecogeomorphic models concerning 

environments with high bio-diversity. However, this relationship was never documented before and was only 

tested in two cases, thus calling for further validations. 2725 

For the first time, we analyzed the changes in above-ground biomass (AGB) in a typical marsh in the Venice 

lagoon. The total and the average values of eAGB generally maintained almost constant through the 

considered period. In particular, although the dieback event of Spartina resulted in a sudden decrease in 

eAGB, the average/total eAGB over the whole marsh was able to recover immediately and reached its 

previous (2001) level in 2006. It then maintained stable in time, indicating that the expansion of Limoninium 2730 

and Sarcocornia and the invasion of Salicornia were able to balance the loss of AGB caused by dieback of 

Spartina. These findings suggest that marsh ecogeomorphic patterns dynamically maintain the AGB, thus 

calling for further spatially-explicit eco-morphodynamic models. 

Finally, we also noticed that distance from the channel network cannot be used as a proxy for vegetation 

species distribution in the San Felice marsh, because all species prefer to live within narrow areas from 2735 

channels. However, we observe is a strong link between the distance from channel networks and eAGB, 

indicating that eAGB decreases towards inner marsh portions, consistently over the considered time period. 

These findings are deemed to be of high importance to future eco-morphodyanic analyses, especially in 

marshes encroached by multiple halophytic vegetation species. 
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Chapter 6: Conclusions 2745 

Salt marshes are important coastal ecosystems that provide important ecosystem services. Unfortunately, 

these vital coastal landscapes are disappearing fast worldwide due to natural processes exacerbated by 

climate changes and by increasing human interferences. These vital and at the same time fragile landscapes 

host halophytic vegetation species, i.e. plants adapted to live in salty environments regularly flooded by the 

tide. Halophytic vegetation plays a critical role in supporting marsh development and survival through 2750 

complex interactions and mutual adjustments between biological and physical processes, i.e. through 

biogeomorphic feedbacks. 

Improving our current understanding of vegetation dynamics and of the related biogeomoprhic feedbacks is 

therefore a key step for the protection and conservation of these delicate coastal ecosystems. The present 

thesis has addressed this relevant issue through the combined analysis of in situ field observations and remote 2755 

sensing data. We have analyzed in detail the intertwined dynamics of marsh elevations and of vegetation 

distribution both in the vertical and horizontal frames between 2000 and 2019 for the San Felice salt marsh, 

in the Venice Lagoon, Italy. 

 

The study was mainly developed through:  2760 

i) the description of the vegetation-elevation relationship over a 20 year period (between 2000 

and 2019) by analyzing a unique marsh elevation – vegetation cover dataset of 2700 point data. 

This analysis allowed us to describe marsh surface elevation changes and the coupled vegetation 

dynamics in response to increasing rates of relative sea level rise (Chapter 2);  

ii) the extension of the above-described analysis to the whole marsh-system scale through the 2765 

coupling of vegetation classification maps and lidar-derived digital elevation model, corrected 

by fully using information derived from vegetation characteristics (Chapter 4). This analysis 

required the preliminary set-up of a new vegetation classification method based on a Random 

Forest algorithm (Chapter 3); 

iii) changes in vegetation spatial distribution and above-ground biomass in the horizontal plane 2770 

over the marsh (Chapter 5), explored by analyzing a series of remote sensing images of the San 

Felice marsh based on the newly developed vegetation classification algorithm (Chapter 3).  
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The main results that stemmed from this Doctoral thesis can be summarized as follows:  2775 

 

• The analysis of the coupled elevation-vegetation response to changes in relative mean sea level 

carried out by using accurate elevation measurements and vegetation cover information from the 

San Felice marsh, surveyed 7 times between 2000 and 2019, that organic and inorganic deposition 

over the marsh surface allowed almost all marsh points to increase their absolute elevations (relative 2780 

to the fixed IGM datum). However, a more detailed scrutiny of marsh response performed by 

considering elevations referred to the current RMSL showed that most of the marsh sites were not 

able to keep pace with the current rate of RSLR, thus suggesting progressive marsh drowning. This 

clearly emphasizes the need to refer to local marsh elevations referenced to RMSL when monitoring 

marsh evolution and response to changes in the environmental forcing.   2785 

• In addition, we observe that marsh accretion rates are strongly site-specific and change at sites 

within distances of a few tens or hundreds of meters. At adjacent sites accretion rates range between 

1.7 and 4.3 mm/year, with differences that crucially affect marsh response to the current rate of 

RSLR (4.4 mm/yr). Accretion rates are found to be strongly linked to marsh surface elevation and 

sediment availability provided by marsh edge erosion.  Our findings crucially call for spatially 2790 

distributed marsh monitoring and properly informed spatially-explicit biomorphodynamic models 

of marsh evolution.  

• Finally, our analyses show that vegetation species respond to changes in the environmental forcing 

by modifying their preferential elevation ranges. Vegetation response is strongly species-specific. 

For the first time, we observe the consistency, over a period of 20 years, of the vegetation-species 2795 

sequence with increasing elevations. We deem this is a signature of vegetation resilience to changes 

in the forcing.  

• Our observations point at a strong coupling between geomorphological and ecological dynamics, 

with relevant implications for the further eco-morphodynamic analyses. 

• We developed a new approach based on the application of  Random Forest (RF) soft classification 2800 

for estimating the fractional abundance of each species within vegetation associations. The main 

advantage of this method is making full use of the frequency of “votes” produced by individual 

decision trees and interpreting this frequency as the corresponding fractional abundance (FA). The 

method was applied to and tested to a WV-2 multispectral image, indicating that this method can 

estimate the FA of each species with high accuracy (6.7% < RMSE < 18.7% and 0.65 < R2 < 0.96).  2805 

In addition, the proposed RF soft classification method performs much better than the traditional 

RF regression method (Immitzer et al., 2018), and therefore it is more suitable to accurately map 

fractional abundance in highly-mixed halophytic associations. Moreover, the RF soft-classifier 
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predicted vegetation distribution is found to be in very good agreement with halophytic vegetation 

patterns documented by previous analyses (Belluco et al., 2006; Wang et al., 2007), thus confirming 2810 

the usefulness of the method. We also show that the results obtained with the RF soft classification 

can be used to produce a map of the dominant species within the plant association (i.e. with 

percentage cover higher than 60% in our case). This map nicely agrees with a RF hard classification 

map produced for the same study site, thus emphasizing the RF soft-classifier robustness.  

• We suggest that the RF soft classification is a useful tool to describe fractional abundance of 2815 

halophytic species and bare soil on salt marshes and to provide important information about the 

spatial distribution of dominant species. The RF soft classification can be used to monitor the 

temporal evolution of halophytic vegetation, such as dieback and replacement. We, therefore, 

suggest that the RF soft classification method should be considered to analyze salt-marsh 

biogeomorphic response to sea-level changes and for the development and testing of biogeomorphic 2820 

models. The high accuracy of this method allowed us to further analyze the vegetation-elevation 

relationship at the whole marsh scale (Chapter 4) and the temporal changes in marsh vegetation 

spatial distribution (Chapter 5). 

• Towards the goal of analysing of the coupled elevation-vegetation response to changes in the forcing 

without the need to carry out time-consuming and labor-intense accurate in situ elevation 2825 

measurements and vegetation cover observations, we first developed a new method to correct lidar-

derived DEM, based on the Random Forest Regression (RFR) algorithm by fully using vegetation 

information contained in the fractional abundance (FA) of each species and NDVI, which are 

provided by multi-spectral data. This method was then applied to a lidar point cloud data acquired 

in 2003 over the San Felice marsh. The method was tested and proved to be able to correct lidar-2830 

derived DEM with high accuracy (R2=0.79 and RMSE = 3.5 cm). The proposed RFR method was 

also found to perform better than the other two methods, i.e., LEAN method (Buffington et al., 

2016), whose RMSE is equal to 5.2 cm in the San Felice marsh, and the MGB method (Wang et al., 

2009), which was previously used in the San Felice site and tested to have RMSE = 6.6 cm.  

• We therefore suggest that the RFR method can be a useful tool to monitor marsh eco-2835 

morphodynamic processes.  

• FA maps for each species and bare soil most abundant species maps were also generated by the 

application of the RFSC method (Chapter 3) in 2001 and 2003. The integration of FA maps, most 

abundant species maps, and corrected lidar-derived DEM suggest that the vegetation-elevation 

relationship observed from in-situ measurements is consistent and reliable at the whole marsh. 2840 

Moreover, the vertical distribution of vegetation-derived metrics (NDVI, SFA and LAI) suggest that 

the above ground biomass (AGB) generally increases with higher elevations, because higher values 

of these metrics are found in higher marsh portions. Our analyses suggest that integration of the 

passive (such as lidar) and active (such as multi-spectral) remote sensing data allows one to gain 
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further insights on marsh eco-morphodynamic patterns at the large scale. These observations are 2845 

valuable for future eco-geomorphic models concerning marshes encroached by multiple vegetation 

species. 

• By analysing remote sensing data with high spatial resolutions (O(1 m)) through the proposed RF 

soft classifier (Chapter 3) coupled with detailed field observations, we analyzed changes in marsh 

area, spatial distribution of the most abundant species, and the above-ground biomass in the San 2850 

Felice marsh (Venice Lagoon, Italy) over a period of about 18 years, between 2001 and 2019.  The 

RF soft classification method proved to be reliable in the estimation of halophytic vegetation FA, 

being characterized by high accuracy (0.58 R2 < 0.96, 5.49% < RMSE < 19.0%) when applied to 

multiple remote sensing data, although acquired on different dates and by different sensors. The 

robustness of the RF soft classification method allowed us to analyse the distribution of each species 2855 

habitat and the related changes, together with the distribution of the AGB. We first conclude that the 

RF soft classification method and remote sensing images with high spatial resolutions (O (1 m)) are 

useful tools to analyze halophytic vegetation spatial distribution and variations thereof, in response 

to climate changes.  

• The San Felice marsh area decreased with a rate of about 2345 m2/yr, due to the marsh boundary 2860 

retreat, the expansion of the channel planform area, and the enlargement of the inner pond. This 

suggests that marshes in the Venice lagoon experienced a degradation process over the same period.   

• In terms of species dynamics, we suggest that Spartina and Salicornia are more sensitive to changes 

in the environmental forcing, which is also confirmed by patch-size distribution analyses, 

suggesting to monitor them when studying eco-geomorphological dynamics. Limonium and 2865 

Sarcocornia were observed to encroach bare soil to balance the increase in the unvegetated area, 

mainly due to the die-off of other species. Vegetation species replacement and transitions between 

vegetated and unvegetated states were widely observed over the marsh, further emphasizing the 

highly dynamic behaviour of marsh ecogeomorphic patterns.  

• Our analyses suggest that the slope of patch-size distribution is strongly linked to the vegetation 2870 

response to changes in external forcing, highlighting the possibility to use the slope of patch-size 

distribution to inform and test marsh eco-geomorphic models in the future. 

• We also noticed that distance from the channel network cannot be used as a proxy for vegetation 

species distribution in the San Felice marsh, because all species prefer to live within narrow areas 

from channels. 2875 

• For the first time, we analyzed the changes in above-ground biomass (AGB) in a typical marsh in 

the Venice lagoon. The total and the average values of eAGB generally maintained almost constant 

through the considered period. In particular, although the dieback event of Spartina resulted in a 
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sudden decrease in eAGB, the average/total eAGB over the whole marsh was able to recover 

immediately and reached its previous (2001) level in 2006. It then maintained stable in time, 2880 

indicating that the expansion of Limoninium and Sarcocornia and the invasion of Salicornia were 

able to balance the loss of AGB caused by dieback of Spartina. These findings suggest that marsh 

ecogeomorphic patterns dynamically maintain the AGB, thus calling for further spatially-explicit 

eco-morphodynamic models. 

 2885 

Although our analyses were focused on the specific study case of the Venice Lagoon, we deem our results 

bear important consequences for a variety of marshes developed in different contexts. The unique dataset 

deriving from 20-year long measurements in the Venice Lagoon, allowed us to emphasize the strong 

relationship between elevation and vegetation dynamics, i.e. between physical and biological processes. 

These findings will be of help to develop and test models of marsh biomorphodynamic evolution to be 2890 

applied in different systems and under different environmental forcing. 

Indeed, future research will be devoted to the application of the above-described monitoring frameworks to 

other systems around the world to highlight similarities and differences with the considered study case and 

further improve current knowledge of marsh biomorphdynamic evolution. In particular, the Random Forest 

soft classification method can be a useful tool in dominant vegetation species map and fractional abundance 2895 

estimation over the marsh, highlighting a robust algorithm to help analyses of marsh vegetation distribution 

and changes worldwide. In addition, the proposed Random Forest Regression method is robust in lidar-

derived DEM correction over the marsh, allowing researchers to extend the local-scale topographic changes 

in response to different forcings and marsh biomorphodynamic processes in other tidal landscapes to large 

scales. In addition, we also suggest that remote sensing data with a high spatial resolution (O(1 m)) are 2900 

valuable to describe the vegetation species spatial distribution and dynamics, which can be useful tools to 

fertilize future marsh biomorphodynamic analyses in other contexts. 

 

 

2905 
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