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Sumário 

Os sapais são ecossistemas costeiros caracterizados pela vegetação tolerante a 

salinidade elevada. Estes ecossistemas prestam importantes serviços ecossistémicos, 

como a proteção costeira, a captura de carbono e o apoio à biodiversidade. No entanto, 

estes habitats estão ameaçados globalmente devido a atividades humanas e ao aumento 

do nível do mar. Os governos iniciaram esforços para restaurar ou renaturalizar os sapais. 

A renaturalização difere da restauração tradicional, pois permite que os processos naturais 

regenerem os ecossistemas com uma intervenção humana mínima. A renaturalização é 

normalmente feita através da remoção de diques ou da reintrodução de fluxos naturais de 

água. 

Os métodos tradicionais de monitorização da vegetação, tais como levantamentos 

de campo, são frequentemente trabalhosos, demorados e limitados em extensão espacial. 

A deteção remota por satélite oferece uma alternativa poderosa para análise e gestão de 

áreas vegetadas, permitindo a aquisição de dados em grande escala, repetíveis e 

consistentes. Esta tese tem como objetivo utilizar imagens de satélite de alta resolução 

para estudar as variações sazonais e a zonação das plantas em dois sapais renaturalizados 

na zona lagunar da Ria Formosa, costa sul de Portugal. Foram aplicados diversos métodos 

de classificação supervisionados e não supervisionados, além de assinaturas espectrais 

para identificar as técnicas mais eficazes na análise destes ecossistemas e nas suas 

dinâmicas. 

 O estudo focou-se em duas áreas de interesse na Ria Formosa, na costa sul de 

Portugal, que foram anteriormente utilizadas para aquacultura, posteriormente 

renaturalizados após o rompimento de diques em Bias (2011) e Olhão (2017). Campanhas 

de campo foram desenvolvidas para recolher dados em vários setores sobre a vegetação 

ao longo das quatro estações do ano e sobre as características do sedimento (como o teor 

de matéria orgânica, tamanho dos grãos e conteúdo de água) ao longo da zonação dos 

sapais. Os setores foram distribuídos por toda a zonação do sapal, abrangendo o sapal 

alto, médio e baixo. Além dos setores, áreas cobertas por apenas uma espécie de planta 

(manchas) também foram analisadas. 

Imagens de alta resolução da constelação de satélites SuperDove (3m) foram 

usadas para analisar os dois sapais renaturalizados. Vários tipos de classificação de 

imagem foram utilizados, incluindo métodos de classificação supervisionada (Random 
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Forest, K-nearest neighbours, KD-tree K-nearest neighbours, Maximum likelihood, e 

Minimum distance) e de classificação não supervisionada (Expected maximization 

Cluster e K-means cluster). O objetivo principal das classificações de imagem é encontrar 

o(s) método(s) de classificação de imagem com melhor desempenho na identificação de 

espécies vegetais, visando a analise da zonação das plantas nos sapais e variações 

sazonais. Além das classificações de imagem, foram adquiridas assinaturas espectrais de 

várias áreas dos sapais renaturalizados, juntamente com a percentagem da cobertura das 

diferentes espécies de plantas dentro da área analisada e amostras de sedimento. Essa 

análise visava descobrir a influência da mistura das espécies de plantas e das 

características do sedimento (como o teor de matéria orgânica, o tamanho dos grãos e o 

conteúdo de água) na assinatura espectral. 

Este estudo atingiu com sucesso o seu objetivo de identificar a classificação mais 

eficaz para analisar variações sazonais e de zonação em sapais renaturalizados, com o 

Random Forest emergindo como a classificação com melhor desempenho. As 

metodologias de classificação mais eficazes foram baseadas no Random Forest aplicadas 

à área total dos sapais (RF-EA e RF-AC-EA). A classificação RF-EA mostrou melhor 

desempenho para análises sazonais, enquanto RF-AC-EA destacou-se como a mais 

adequada para análises da zonação das plantas de sapal. Porém, este trabalho não 

conseguiu encontrar uma ligação precisa entre as variações na mistura de espécies 

vegetais e as variações na forma da assinatura espectral, apenas encontrando a sua 

influência geral. A influência do tamanho dos grãos e o conteúdo de água foi observada 

na assinatura espectral, principalmente nas variações ao longo da zonação das dos sapais. 

Observou-se que as áreas com maior conteúdo em areia terão assinaturas espectrais com 

valores de refletância maiores, principalmente nas bandas próximas do infravermelho. 

Sendo a primeira vez que as imagens de satélite SuperDove foram utilizadas em 

sapais renaturalizados, as metodologias empregues neste estudo revelaram-se eficazes 

para análise e potencial monitorização destes ecossistemas. Elas apresentam várias 

vantagens em comparação com outros métodos, tais como extensas campanhas de 

trabalho de campo. Primeiro, as classificações de imagens obtidas pelo Random Forest 

permitiram realizar uma análise sazonal ao longo de um ano com menos de 15 campanhas 

de campo. A redução do número de campanhas de campo resulta numa diminuição 

significativa dos custos em programas de monitorização, além de libertar tempo para a 

análise dos dados. Além disso, o presente estudo mostrou que usando imagens de satélite 
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multiespectrais do SuperDove, a classificação de imagens supervisionadas denotou 

resultados satisfatórios com alta precisão (acima de 50%) e diminuição dos erros.  

As limitações do estudo incluíram a necessidade de um trabalho de campo 

estendendo a análise para mais de um ano, para ter uma melhor análise das variações 

sazonais. Além disso, seria benéfico aumentar o de número de setores por campanha de 

campo, aumentando o número de dados a serem usados na classificação. O uso de formas 

mais estáveis de capturar as fotografias do campo, como drones, aumentaria a precisão e 

reduziria o tempo de edição de fotos. A análise espectral também foi limitada devido à 

insuficiência de dados; a utilização de imagens hiperespectrais de satélite ou de 

radiómetros hiperespectrais de campo permitiria obter mais informações a nível espectral. 

Porém, esses métodos tem a desvantagem de ter um custo elevado.  

A tese desempenhou um papel essencial no avanço de investigações futuras ao 

utilizar imagens de satélite SuperDove para identificar os métodos mais eficazes na 

análise de sapais renaturalizados. A alta resolução de 3m destes satélites provou ser 

suficiente para criar imagens de classificação altamente precisas. A análise das assinaturas 

espectrais de diversas misturas de espécies de plantas e as características dos sedimentos 

podem ser utilizadas como um primeiro passo para futuros esforços de monitorização 

ambiental mais detalhados e escaláveis. As abordagens deste trabalho estabeleceram as 

bases para estudos futuros, com o objetivo de refinar técnicas de classificação, otimizar a 

análise espectral e aplicar esses métodos a uma gama mais ampla de sapais 

renaturalizados em todo o mundo. 

 

Palavras-chave: Sapais renaturalizados, Deteção remota, zoneamento de sapais, variações 

sazonais, gestão costeira, SuperDove 
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Abstract 

Salt marshes are vital coastal habitats that provide ecosystem services such as 

wave and erosion protection and support economic activities like tourism and 

aquaculture. However, they are declining globally due to rising sea levels and human-

induced degradation. To address this, governments are developing management plans for 

rewilding salt marshes, requiring a thorough understanding of their dynamics. With its 

high spatial and temporal coverage and cost-effectiveness, satellite remote sensing has 

become a valuable tool for analysing vegetated areas. This study employs high-resolution 

satellite imagery (3m) from the Planet Labs’ SuperDove constellation to analyse seasonal 

and zonation variations of plant species in salt marshes. The goal is to identify the 

methods with the best skill for analysing rewilded salt marshes through remote sensing 

and to understand how the mixture of salt marsh plants and sediment characteristics 

influence the spectral signatures in these habitats. Two rewilded salt marshes in the Ria 

Formosa lagoon on the southern coast of Portugal were analysed, producing classification 

maps and extracting spectral signatures for each site across the seasons. The most 

effective classification method was Random Forest (RF), a supervised classification 

method. RF proved effective in analysing zonation and seasonal variations in both salt 

marshes. However, the results on the correlation between the mixture of plant species and 

spectral signatures were not satisfactory due to factors like plant height and age also 

influencing the reflectance values. The influence of the sediment characteristics, mainly 

water content and median diameter, was found, particularly in which zonation of the salt 

marshes had the highest reflectance values. A successful first step was reached by finding 

the most suitable method to analyse the variations in these areas. However, more in-depth 

studies are necessary to see the impact of the mixture of plant species on the spectral 

signature. 

 

 

Keywords: Rewilded salt marshes, remote sensing, salt marsh zonation, seasonal 

variations, coastal management, SuperDove
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1. Introduction and objectives 

1.1. Introduction 

Salt marshes are coastal vegetated ecosystems distributed worldwide in sheltered 

intertidal areas (Blount et al., 2022). Their main characteristic is the presence of plants 

with resistance to high salinities. These areas can provide many ecosystem services such 

as materials and food (Gu et al., 2018; Himes-Cornell et al., 2018), tourism (Gu et al., 

2018; Hyland, 2002), coastal protection and erosion control (Gu et al., 2018; Shepard et 

al., 2011) and carbon sequestration (Alongi, 2020; Barbier et al., 2011; Duarte et al., 2005; 

McLeod et al., 2011). Salt marshes enclose varying vegetation zones inside of them due 

to the exposure to the tides (Eleuterius & Eleuterius, 1979), meaning that each zonation 

has different characteristics, such as having different plant species (Beeftink, 1996.; 

Caçador et al., 2007; Silvestri et al., 2005; Woerner & Hackney, 1997) and sediment 

characteristics (Contreras-Cruzado et al., 2017). Many countries understand the 

ecological value of these habitats and try to protect those ecosystems by creating protected 

areas or rewilding damaged ones; however, they first need to understand the processes 

occurring in them (Spencer & Harvey, 2012). The traditional methods of monitoring 

vegetation, such as ground-based surveys, are often labour-intensive, time-consuming, 

and limited in spatial extent. Satellite remote sensing provides a powerful alternative for 

vegetation analysis and management, as it can capture large-scale, repeatable, and 

consistent data (Blount et al., 2022). Even with this emerging tool and its advantages, few 

papers still use satellite remote sensing to analyse rewilded salt marshes. 

This master thesis is a contribution to the project RestLands – Tracking 

ecogeomorphic changes in Restored wetlands (PLAN ID: 705677), with support from 

Planet (https://www.planet.com). The thesis aims to analyse two rewilded salt marshes on 

the south coast of Portugal using high-resolution satellite imagery from the SuperDove 

constellation of microsatellites from Planet. To achieve this, both supervised and 

unsupervised classification methods were applied to determine the technique with the best 

skill for visualising the seasonal and zonation variations of the rewilded salt marshes. 

Together with the multiple image classification methods, the spectral signature of various 

locations throughout the salt marshes was acquired, aiming to see the influence of the 

mixture of plant species in the spectral signature. In addition to the analysis of the mixture 
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of plants, the influence of the sediment characteristics in the spectral signature was also 

analysed. The main characteristics of the sediment (organic matter content, water content, 

and median diameter) were calculated, and their influence on the spectral signature was 

analysed. 

 

1.2. Motivation for the topic  

Satellite remote sensing tools are increasingly used to analyse the importance of salt 

marshes, including mapping their evolution and vegetation cover (Blount et al., 2022; 

Eastwood et al., 1997; Laengner et al., 2019; Reschke & Hüttich, 2014; Wu, 2018), and 

biodiversity (Guo et al., 2017; Meiman et al., 2012). These studies utilise this tool to 

quickly analyse large areas, which provides rapid insights into the status of the 

ecosystems (Blount et al., 2022). However, there is a lack of studies examining rewilded 

salt marshes and their variations using satellite remote sensing.  

Since the SuperDove constellation is relatively new (launched in 2015), few studies 

use these images to study salt marshes. Similarly, few studies use multispectral satellite 

images to analyse the spectral signature of plant species and sediment. Since using the 

high-resolution satellite images from SuperDove can be valuable for analysing vegetated 

areas, testing the best methods for analysing rewilded salt marshes with them is essential. 

 

1.3. Objectives 

 The primary goal of this project is to compare different classification 

methods/algorithms to determine the most effective approach for studying the seasonal 

variations and zonation of plant species in two rewilded salt marshes. The secondary 

objective is to examine how the combination of plant species and sediment characteristics 

affects the spectral signature of different salt marsh areas and identify any potential 

patterns. Lastly, this project aims to be one of the first steps for analysing these rewilded 

ecosystems using satellite remote sensing from Planet, aiming to improve these 

methodologies for management purposes, enabling quicker and more cost-effective 

analyses of these areas. 
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2. Review of the state of the art 

2.1. Natural salt marsh 

Salt marshes are distributed worldwide from the Arctic to the subtropical latitudes 

in sheltered intertidal areas (Blount et al., 2022), mostly abundant in temperate zones 

(Mcowen et al., 2017). They are characterised by periodical inundations of vegetated 

areas (Blount et al., 2022) and shaped due to a wide range of relationships between 

biological and physical mechanisms (Blount et al., 2022; D'Alpaos & Marani, 2016; 

D'Alpaos, 2011; Marani et al., 2006). They are of great importance for coastal 

communities due to them providing multiple ecosystem services, such as carbon 

sequestration (Chmura et al., 2003; Duarte et al., 2013), water filtering (Nelson & 

Zavaleta, 2012), habitat and nursery grounds (Irmler et al., 2002), and erosion protection 

(Bouma et al., 2014; Carrasco et al., 2021; Temmerman et al., 2013; Vuik et al., 2016). 

The spatial distribution of the vegetation inside salt marshes is separated into 

zones, each with its plant species and geological and physicochemical characteristics. The 

zonation of the plants inside the salt marshes is highly influenced by factors such as 

salinity, pH, oxygen, and nutrient concentrations and by the tides (Beeftink, 1996.; 

Caçador et al., 2007; Moffett et al., 2012; Silvestri et al., 2005; Silvestri & Marani, 2004; 

Woerner & Hackney, 1997). The main vegetation zones are the tidal flat (with almost no 

species and constantly flooded), the low marsh (flooded at a high tide), and the high marsh 

(above the high tide). 

Salt marshes are subject to seasonal variations, having seasonal patterns in, e.g., 

the biophysical properties of plant species (such as above- and below-ground production 

and biomass, and plant stem stiffness) (Dame & Kenny, 1986; Vernberg, 1993), time of 

occupancy of organisms (such as the utilization of the marsh during the summer when 

young stages feed within an estuary) (Vernberg, 1993), an sediment accretion (with large 

accretion in summer and erosion during winter) (Richard, 1978); They are also subject to 

these seasonal variations due to the annual biological cycle, adapted to the variations in 

tidal range that occur over a spring–neap cycle and annually ( Mudd et al., 2010; Townend 

et al., 2011), also existing evidence suggesting that marshes respond to the lunar nodal 

tidal cycle (18.6-year period), with biological growth being enhanced and mineralogical 
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sedimentation reduced during phases of amplified tidal range and vice versa during the 

phases of suppressed tidal range (French, 2006; Townend et al., 2011). 

2.2. Rewilded salt marsh 

   With the increase of anthropogenic pressures in salt marsh (Newton et al., 2020), 

there has been a loss of these environments in various areas (McLeod et al., 2011; Orson 

et al., 1985; Potts et al., 2014; Reed et al., 1999; Turner, 1990). Many countries have tried 

to attenuate/reduce those pressures by protecting salt marshes and rewilding or restoring 

already damaged areas (Mauchamp et al., 2002; Morris et al., 2004; Simenstad et al., 

2006). The main difference between restored and rewilded areas is that restored areas 

focus on restoring the ecosystem to its previous conditions through direct human 

intervention, such as topography reconstruction, replanting of native species and 

hydrological adjustments (Mitsch & Gosselink, 2015). On the other hand, rewilding an 

area focuses on allowing natural processes to re-establish themselves with minimal 

human intervention, such as reintroducing water flows (without extensive efforts) or 

reducing human intervention (Hart et al., 2023; Perino et al., 2019).  

There is a wide variety of methods to rewild saltmarshes and one of the most used 

ones is the removal or breaching of a dike (Billah et al., 2022; Burden et al., 2013, 2019; 

Crooks et al., 2002; French et al., 2007; Wolters et al., 2005), usually through the opening 

of an inlet to let water enter an area and naturally recover the ecosystem (Leachtenauer et 

al., 1998; Wolters et al., 2005); Dike breaching occurs in natural levees or constructed 

dikes (coastal defence structures) and can produce channel networks that have at least as 

much total channel surface area and length as those of reference natural tidal marshes, but 

the number of tidal channel outlets sites is about half that of reference marshes, which 

may reduce the access of fish (Hood, 2014). Other methods include grading an upland 

site to intertidal elevations, followed by a re-vegetation (Billah et al., 2022; Craft et al., 

2003), Dispersion of sediment slurries (where dredged sediments are dispersed over the 

marsh surface) (Billah et al., 2022; Schrift et al., 2008; Slocum et al., 2005), construction 

of a culvert (Billah et al., 2022), and removal of invasive phragmites (Billah et al., 2022). 

Compared to natural salt marshes, the plant species in rewilded salt marshes experience 

lower competition, often resulting in high marsh species thriving in the low marsh areas 

at these sites (Muench & Elsey-Quirk, 2019). 
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To analyse the success of the restoration of salt marshes, first, key indicators and 

ecosystem attributes need to be analysed (Billah et al., 2022; Mcdonald et al., 2016), being 

the most studied indicators regarding species diversity the vegetation cover biomass 

(above and below ground) and stem density; regarding functional indicators, sediment 

organic matter, sediment carbon (%), and sediment nitrogen were the most used; and the 

main hydrological indicators were water surface salinity and temperature (Billah et al., 

2022). Many studies have already analysed the responses of restored salt marshes, looking 

at the time required to achieve similar levels of the indicators compared to natural salt 

marshes (Billah et al., 2022; Craft et al., 2003; Nordström et al., 2014; Poppe & Rybczyk, 

2021). A wide variety of methodologies are used to analyse salt marshes, but one 

emerging one is the use of satellite imagery. 

2.3. Satellite remote sensing 

Satellite remote sensing is a technique that acquires data through a sensor inside 

a satellite orbiting Earth (Blount et al., 2022). The use of satellite imagery for science has 

increased in the last decades, with the launch of different earth observation satellites 

missions such as Landsat (Goward et al., 2000; Hansen & Loveland, 2012; Phiri & 

Morgenroth, 2017; Tatem et al., 2008; Wulder et al., 2022), Sentinel (Phiri et al., 2020; 

Showstack, 2014), Superdove (Du et al., 2022; Niroumand-Jadidi et al., 2022; Zhang et 

al., 2022). Satellite imagery relies on surface reflectance, capturing the solar radiation that 

reflects from Earth into the satellites. The surface reflectance is divided into wavelength 

bands, ranging from visible light (red, green, and blue) to infrared. Other remote sensing 

methods exist, such as manned (aircrafts) and unmanned (unmanned aerial vehicle, or 

UAV) aerial photography (Farris et al., 2019; Krause et al., 2023; Pinton et al., 2021). 

Aerial photography has the advantage of having high resolution and the capacity for 

customisation based on user needs, including flight altitude, timing, and sensor types. 

However, this method has scarce global coverage, infrequent availability, and variable 

resolutions (Blount et al., 2022).  

Each satellite mission has its own spatial and spectral resolutions. The spatial 

resolution refers to the size of the smallest object that the satellite sensors can detect. It is 

depicted in meters and is normally separated into high, medium, and low spatial resolution 

(Lu & Weng, 2007), being necessary for each study to choose the best option for their 

specific case; a high spatial resolution is needed for studies on a local scale, medium 
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resolution at a regional scale and low resolution at continental or global scale (Atkinson 

& Curran, 1997; Lu & Weng, 2007). The spectral resolution refers to the width of the 

spectral bands the sensor can detect and the number of such bands. There are two main 

spectral resolutions: the hyperspectral and the multispectral. Hyperspectral sensors 

capture a wide spectrum of light across numerous narrow bands, offering detailed spectral 

information for each pixel, while multispectral sensors capture data in fewer, broader 

spectral bands than hyperspectral (Awad, 2018; Govender et al., 2008). With the use of 

satellite imagery, the spatial and temporal analyses of physical, chemical, and biological 

processes became much more accessible and broader, opening the possibility for studies 

such as urban planning (Malczewski, 2004; Yeh, 1999), mapping hazards (Huabin et al., 

2005; Jena et al., 2020), classification of vegetated area (Perumal & Bhaskaran, 2010; 

Sathya & Deepa, 2017; Xie et al., 2008). 

 

2.4. The use of satellite image classification methods to analyse 

vegetated areas  

One of the most used tools to analyse the evolution of vegetated areas is image 

classification methods. The image classification of vegetated areas involves using pattern 

recognition techniques, the spectral features of the satellite images, and empirical 

geographical knowledge to identify and extract various categories, such as land use types 

and vegetation species (Jiang et al., 2012; Xie et al., 2008). Image classifications can be 

categorised as semi-automatic (supervised classification) and automatic (unsupervised 

classification). Supervised classification consists of creating a set of classes in an image 

(also known as a training sample) and putting them into a software to train it to create 

correlations between these classes and the image (Olaode et al., 2014). 

 Some examples of commonly used supervised classification are the Random 

Forest (RF), K-nearest neighbour classifier (KNN), KDtree KNN classifier (KD-KNN), 

Maximum likelihood classifier (ML), and Minimum distance classifier (MD). RF 

generates multiple decision trees through ensemble learning based on the CART 

algorithm (Breiman, 2001; Iverson et al., 2008; Wei et al., 2022). The KNN classifies 

objects based on the closest training samples (Lowe, 2015; Sathya & Deepa, 2017). An 

object is classified by a majority vote of its neighbours, with the object being assigned to 

the class most common among its k nearest neighbours (Zhang et al., 2017). The KD-
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KNN classifier uses a KD-tree, which is a binary tree that partitions the dataset with 

training samples sorted to the leaves of the tree (Cunningam & Delaney, 2021) to acquire 

better results but normally shows similar results to the KNN classifier (Hou et al., 2018). 

In the ML classifier, a pixel with the maximum likelihood (the posterior probability of a 

pixel belonging to a given class) is classified into the corresponding class (Perumal & 

Bhaskaran, 2010; Sathya & Deepa, 2017). In the MD classifier, any pixel in the scene is 

categorised using the distance between the data from the image and the means of the 

classes derived from the training samples, so the pixel is designated to the class with the 

shortest distance (Lowe, 2015; Perumal & Bhaskaran, 2010; Sathya & Deepa, 2017). The 

advantages and disadvantages of these methods can be seen in Table 2.1. Multiple 

misclassifications can occur after creating a supervised image classification, meaning a 

class would be assigned to an incorrect location. More training samples can be added to 

reduce these errors, especially in the locations where most misclassifications occur 

(Rummell et al., 2022). Eliminating noise and enhancing feature extraction with fusion 

techniques such as PCA can also help reduce classification errors (Ghassemian, 2016; 

Kumar et al., 2014; Qian et al., 2008). Optimising the classification model by tuning 

hyperparameters using advanced architectures like Convolutional Neural Networks 

(CNNs) can also reduce the number of misclassifications (Balarabe & Jordanov, 2024; 

Haffar et al., 2021).  

 

 

Table 2.1. Comparison between supervised classification methods, adapted from Sathya & Deepa (2017). 

ALGORITHMS PROCESS ADVANTAGES DISADVANTAGES 

 

MAXIMUM 

LIKELIHOOD 

(ML) 

A pixel is classified into a 

corresponding class based on the 

maximum likelihood, which is the 

posterior probability of the pixel 

belonging to a given class (Sathya 

& Deepa, 2017). 

 

1. Provides good 

separation from 

classes. 

 

1. Requires well-trained 

training set. 

 2. Computationally 

intensive 

 

MINIMUM 

DISTANCE 

(MD) 

In this approach, each pixel within 

the scene is categorised by 

calculating the distance between the 

image data and the means of the 

classes derived from the training 

samples (Sathya & Deepa, 2017). 

 

1. Fast execution. 

 

2. All pixels are 

classified. 

 

1. Fast execution 

 

 2. All pixels are 

classified 
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K-NEAREST 

NEIGHBOUR 

(KNN) 

& 

KD-TREE K-

NEAREST 

NEIGHBOUR 

(KD-KNN) 

 

For KNN, an object is classified by 

a majority vote among its k nearest 

neighbours, assigning it to the class 

most common among them (Sathya 

& Deepa, 2017). 

The KD-KNN classifier, which 

utilises a KD-tree to improve 

results, typically produces 

outcomes similar to those of the 

standard KNN classifier (Hou et al., 

2018). 

 

 

1. Low cost. 

 

2. Effort for 

learning process. 

 

 

1. Performance depends 

on the number of 

dimensions. 

 

2. Computationally 

expensive to find the K 

neighbours when sample 

dataset is large. 

 

 

 

 

RANDOM 

FOREST (RF)* 

 

Random Forest (RF) employs a 

method of randomly and iteratively 

sampling data and variables to 

generate a large ensemble, or forest, 

of classification and regression 

trees. The classification output from 

RF is determined by the statistical 

mode of numerous decision trees, 

resulting in a more robust model 

than a single classification tree 

generated from a single model run 

(Breiman, 2001). 

 

 

1. Robustness to 

outliers. 

 

2. Ability to handle 

large datasets. 

 

3. Estimating 

Feature Importance. 

 

 

 

 

1. Long training time. 

 

2. Computational 

Complexity. 

 

* Information from advantages acquired from Rodriguez-Galiano et al. (2012) and disadvantages 

from Leistner et al. (2009). 

 

Unsupervised classification automatically creates a set of classes without the 

necessity of the training samples (Olaode et al., 2014). Some examples of the most used 

unsupervised classification are the Expectation-Maximization cluster (EM cluster) and 

the K-means (Jung et al., 2014). EM cluster uses the expected maximisation (EM) 

algorithm for clustering data; this algorithm is an iterative method used to find maximum 

likelihood estimates of parameters in probabilistic models, particularly for models with 

latent variables (Dempster et al., 1977; Yang et al., 2013). K-means partitions a set of 

observations (in the case of remote sensing, the pixels) into a specified number, k, of 

clusters. In K-means classification, each pixel is assigned to the cluster with the nearest 

mean (Abbas et al., 2016; Gonzalez & Woods, 2018).  
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2.5. The use of satellite remote sensing in salt marshes 

Satellite remote sensing offers a non-invasive and effective method to study salt 

marshes at various spatial and temporal scales. The main methods include optical remote 

sensing, Synthetic Aperture Radar (SAR), and LiDAR. Optical remote sensing utilises 

visible, near-infrared (NIR), and shortwave infrared (SWIR) bands to capture images of 

the earth's surface, making it useful in detecting vegetation health, species composition, 

and seasonal changes in salt marshes (Agrawal & Khairnar, 2019). Vegetation indices, 

such as the Normalized Difference Vegetation Index (NDVI) and the Enhanced 

Vegetation Index (EVI), are commonly employed to assess plant biomass and 

productivity (Dos Santos et al., 2019; Huete & Justice, 1999; Rouse et al., 1974). 

SAR operates in the microwave region of the electromagnetic spectrum, enabling 

it to penetrate clouds and provide high-resolution images regardless of weather conditions 

or daylight (Singh et al., 2021). This method is useful in detecting hydrological changes 

and monitoring soil moisture levels in salt marshes (Grings et al., 2009; Lee et al., 2020). 

Its sensitivity to surface roughness and moisture content makes it an important tool for 

understanding the physical structure and inundation patterns of these ecosystems. 

Although more commonly associated with airborne platforms, spaceborne LiDAR is 

increasingly being used for high-resolution elevation mapping. LiDAR data can generate 

Digital Elevation Models (DEMs) that are used to study, for example, marsh topography, 

assess vulnerability to sea-level rise, and model tidal dynamics (Gesch, 2009; Goodwin 

et al., 2018; Raber et al., 2007).  

While satellite remote sensing provides significant advantages for studying salt 

marshes, it also faces several challenges that limit its effectiveness, such as spatial 

resolution. Many satellite sensors have relatively coarse spatial resolution, which can be 

insufficient for capturing the fine-scale changes of salt marshes, such as the variations in 

vegetation and topographic features. Distinguishing between different species of salt 

marsh vegetation can also be difficult due to limited spectral resolution, and although 

hyperspectral sensors provide more detailed spectral information, they are not yet widely 

available on satellite platforms and can be expensive. Temporal resolution can be another 

issue, as salt marshes are dynamic environments that undergo rapid changes due to tidal 

cycles and seasonal variations (Richard, 1978; Townend et al., 2011; Vernberg, 1993). 

Thus, the frequency with which images are captured is often insufficient to monitor these 
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rapid changes effectively. Furthermore, the accuracy of optical remote sensing is often 

compromised by atmospheric conditions, such as cloud cover and water vapour, which 

can distort the satellite signal (Li et al., 2022; Shen et al., 2015). Another downside of 

satellite imagery is that some images (especially high resolution) are not open source 

(Malerba et al., 2023), making it challenging to obtain this data if the project does not 

have enough budget. 

The future of satellite remote sensing in salt marsh research lies in addressing 

these challenges and expanding the scope of study to underexplored areas. Advances in 

sensor technology, such as developing new satellite sensors with higher spatial, spectral, 

and temporal resolution, will significantly enhance the ability to monitor salt marshes. 

For example, the launch of hyperspectral satellites, such as EagleEye (Cheng et al., 2024), 

will provide more spectral details, allowing for better discrimination of vegetation species 

and more accurate assessments of the health of these ecosystems. Applying machine 

learning algorithms to remote sensing data also holds great promise for improving the 

classification and interpretation of salt marsh features. Data fusion techniques that 

combine optical, SAR, and LiDAR data could lead to more comprehensive models of salt 

marsh dynamics (Allen et al., 2013). These methods are still in their early stages and 

represent a significant opportunity for future research. Lastly, another area that requires 

further study is the use of satellite imagery for rewilded salt marshes. Satellite imagery 

has been used to analyse the patterns and evolution of varying rewilded ecosystems such 

as forests, freshwater wetlands, drylands, chaparrals (shrub-dominated ecosystems), 

crops, and grasslands (Taddeo, 2022; Tang et al., 2019; Dronova et al., 2021), but there 

are still few studies regarding their use in rewilded salt marshes. 

In conclusion, satellite remote sensing has revolutionised the study of salt marshes by 

providing tools for large-scale, long-term monitoring of these dynamic ecosystems 

(Klemas, 2013). However, challenges related to spatial, spectral, and temporal resolution 

and data integration and interpretation continue to limit its full potential. Future 

advancements in sensor technology, machine learning, and data fusion, combined with a 

focus on long-term monitoring and unexplored areas such as blue carbon and biodiversity 

mapping, will significantly enhance our understanding and management of salt marshes 

(Dat Pham et al., 2019; Klemas, 2013). Addressing these challenges and research gaps is 

essential for ensuring the resilience of salt marshes in the face of global environmental 

changes (Billah et al., 2022). 
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3. Methodology  

3.1. Study Area 

The two study areas are located on the south coast of Portugal (Figure 3.1a) inside 

the Ria Formosa Lagoon (Figure 3.1b). The Ria Formosa is an enclosed lagoon system, 

having six inlets that exchange water with the Atlantic Ocean; it is around 55 km long 

and up to 6 km wide, and the submerged area ranges from 53 km2 at high-water and 14 

km2 at low water (Carrasco et al., 2021; Dias & Sousa, 2009). There are two types of salt 

marsh found inside the system: lagoon marshes, which are individual marsh bodies 

detached from the barriers, evolving depending on the morphodynamics of the tidal 

channel, and ‘perched- or back-barrier marshes’ which are marsh bodies in the lee of, and 

attached to, sandy barriers, evolving dependently on back-barrier sediment dynamics and 

marine barrier dynamics (e.g., overwash) (Carrasco et al., 2021). The tides are semi-

diurnal and mesotidal, with a mean tidal range of about 2 m that can reach up to 3.5 m 

during spring tides (Blount et al., 2022; Carrasco et al., 2021). The average depth of the 

channels in the lagoon is 6 m, although most areas are less than 2 m deep (Carrasco et al., 

2021; Salles et al., 2005). Shifts to inlet tidal prism, initiated mainly by the engineering 

works in Faro-Olhão Inlet, caused changes to the system over the last 70 years (Carrasco 

et al., 2021; Pacheco et al., 2010).  

There are studies reporting the related evolution of barriers and inlets (e.g., 

Ferreira et al., 2016; Vila-Concejo et al., 2004, 2002), being the long-term retreat and 

growth of the lagoon marshes a direct response from natural processes and human 

interventions (Carrasco et al., 2021). No important inputs of fluvial water are found 

coming into the lagoon, and no input of coarse sediment. The sediment is mostly cohesive 

sediment, with fine sand and silt coming from the terrestrial margin as suspended load; a 

part of them is exported to the shelf during each tidal cycle and partly retained in intertidal 

flats and the salt marshes (Andrade et al., 2004). Vertical accretion in the Ria Formosa 

was estimated using empirical methods, estimating a 2 mm/yr as an upper limit for the 

current average sedimentation rate (Andrade, 1989; Carrasco et al., 2021). A wide variety 

of halophyte plant species exist in the Ria Formosa (Costa et al., 1996). The most frequent 

species are the Spartina maritima, Sarcocornia perennis, and Puccinellietum convolutae 

(Arnaud-Fassetta et al., 2006; Bertrand et al., 2003; Blount et al., 2022; Contreras-
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Cruzado et al., 2017; Costa et al., 1996). On adjacent tidal flats, Zostera noltii is 

commonly found at times interspersed with colonising clumps of Spartina maritima and 

Sarcocornia perennis (De los Santos et al., 2022). 

Since the Ria Formosa is a very important wetland area for the region, it has been 

a Natural Park since 1987 and is part of the Natura 2000 network, protected under the 

Ramsar convention (Cristina et al., 2019; Newton et al., 2003). Inside the system, many 

areas have been protected and are in the process of being rewilded. For this study, two 

rewilded salt marshes were chosen as the Regions of Interest (ROIs): Bias and Olhão. 

Both salt marshes were once enclosed and used for aquaculture. After a period of being 

abandoned, enclosing dikes were breached (dikes realignment), more precisely in Bias in 

2011 (Appendix A, Figure A1) and Olhão in 2017 (Appendix A, Figure A2), to naturally 

let the system recover.  

The first ROI rewilded salt marsh in Bias (Figure 3.1c) has an area of 

approximately 110km² and is divided into two areas (previously two aquaculture cells), 

each having at least one connection to the lagoon. The two rewilded salt marshes are of 

great importance for the local communities, being used, for example, for touristic 

activities and bivalve harvesting. The second ROI rewilded salt marsh in the city of Olhão 

(Figure 3.1d) covers an area of approximately 21km² and is directly connected to the 

lagoon. When comparing the two areas, the ROI in Bias is bigger, composed of older 

vegetation, and is more diverse in marsh vegetation species compared to the ROI in 

Olhão, which is much smaller and has a large part of its area covered with sand. 
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Figure. 3.1. a) Map of the Iberic peninsula highlighting the south of Portugal from (Google Earth image 

from 14/12/2015), b) map of Ria Formosa lagoon highlighting the location of the ROIs (red rectangle) 

(Google Earth image from 14/04/2022), c) map of rewilded salt marsh in Bias from (Google Earth image 

from 14/04/2022) with highlighted study area. The images used are from Google Earth PRO, 2023 and d) 

a map of a rewilded salt marsh in Olhão from (Google Earth image from 14/04/2022) with the area 

studied highlighted (red rectangle). 

 

 

3.2. Fieldwork data collection 

The fieldwork data collection comprised several campaigns between 2023 and 

2024. The main objective of the fieldwork campaigns was to collect the distribution and 

location of plants throughout the salt marsh and characterise sediment properties. Data 

was collected in the four seasons to analyse the temporal variations in the vegetation 

pattern. Each field campaign was done at spring tide conditions during the morning, 

between 8:00h and 13:00h. Field campaign surveys took at least three days: two days to 

acquire data in Bias and another day for Olhão. All the surveys and further analyses were 

the same for each season. Existing data from previous research, such as drone images 

from the two ROIs, have been used to support the developed analysis and were acquired 

in April 2022 at low tide conditions. The drone was a Dji P4 with a Six ½.9” CMOS 

sensor, an RGB sensor for visible light, and five monochromatic sensors for multispectral 
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images. The drone images were used as a visual reference for the classification images to 

assess how well the classifications depicted the features of the salt marshes. 

To characterise the current plant species distribution, multiple square 3x3 m plots 

(Figure 3.2) were deployed on each ROI (Figure 3.3 for Bias and Figure 3.4 for Olhão). 

These plots ranged from the high marsh to the tidal flat to fully cover the zonation of the 

salt marsh. After deployment, each plot was subdivided into four sub-sectors of 1.5x1.5m 

to facilitate the identification of plants and the upcoming capturing photos. The location 

of the plots took into consideration an area with high specific diversity, aiming to have a 

broad number of species inside of it, and were oriented northward to align with the pixels 

of the satellite images. The features collected ranged from plant species, soil (mudflat), 

ground (sand and artificial walking paths), and deposited dead Zostera noltii. Although 

Zostera noltii is dead vegetation, it was included in the tests because it occupies a broad 

area in the ROIs, especially Bias, influencing the classifications. 

 

Figure 3.2. Photo of a plot taken during spring fieldwork in Bias. 
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Figure 3.3. Location of the plots in the ROI of Bias, using the drone image (Dji P4) as a reference, with 

a) the entire ROI and b) the area close to the plots. 

 

 

Figure 3.4. Location of the plots in the ROI of Olhão, using the drone image (Dji P4) as a reference, with 

a) the entire ROI and b) the area close to the plots. 

After a plot was created, the coordinates of the sub-sector corners were taken using 

an RTK-DGPS (with a horizontal and vertical accuracy of 0.011 m and 0.017 m, 

respectively). Photos were collected for each sub-sector using a mobile phone connected 

to a selfie stick at a vertical distance of approximately 3m. The mobile phone position 

was zenithal, as upright as possible, to capture a "bird's eye view" photo (Guisado-Pintado 

& Jackson, 2020). In each sub-sector, an identification of the plant species inside of it was 

made using a plant species catalogue and plant identification applications such as 

PictureThis (https://www.picturethisai.com). For later validation of the location of those 

plants, drawings of the plants inside the plot were made in a logbook (Figure 3.5). 

Together with the plots, contours of specific plant species (patches) were located 
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throughout the rewilded salt marsh, using the RTK-DGPS to take coordinates of points 

around the species’ patches.  

 

Figure 3.5. Photo of the logbook with a drawing of a plot. 

Surficial sediment samples were also taken on the area of the plots in both ROIs 

using small syringes to characterise the sediment geochemistry signature. A total of 10 

sediment samples were collected in Bias and 15 in Olhão. Even though there were only 6 

plots in Olhão, more sediment samples were collected to complement the data. About 50 

cm3 of sediment was collected with plastic syringes, which were later placed in plastic 

cups, labelled and carried to the laboratory. The location where the sediment samples 

were collected can be seen in Figure 3.6 for Bias and Figure 3.7 for Olhão. 

 

Figure 3.6. Location of the sediment samples throughout the ROI of Bias, having the samples 1 to 4 at 

the high marsh (red points), 5 to 7 at the medium marsh (blue points), and 8 to 10 at the low marsh (green 

points). 
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Figure 3.7. Location of the sediment samples throughout the ROI of Olhão, having the samples 1, 5, 6, 

12, and 13 at the high marsh (red points), 2, 9, 14, 15 at the medium marsh (blue points), and 3, 4, 7, 8, 

10, 11 at the low marsh (green points). 

 

3.3. Fieldwork data handling 

The vertical photos taken in the field from the plot sub-sectors were merged and edited 

into a single photo (Figure 3.8) using the GIMP software (Version 2.10.36) (see flowchart 

in Figure 3.9). Then, they were improved by removing shadows and any unnecessary 

objects, such as notebooks and people inside the photos (Figure 3.9). The fieldwork 

photos must match the point of view of the satellite images (horizontal), so they were 

edited to appear as horizontal as possible using the perspective tool in GIMP (Figure 3.9). 
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Figure 3.8. Fieldwork photos merged from the autumn campaign in Bias. 

 

After editing the vertical photos, the RTK-DGPS coordinates from all points (sub-plot 

corners and plant patches) were turned into vector points in QGIS (Version 3.32.2) 

(Figure 3.9). Then, the vertical photos were georeferenced, using the corner of the sub-

plots in the photos and the coordinate vector points in QGIS as a reference (Figure 3.9). 

The error from the georeferencing ranged from 0.26cm to 1.35cm. 

Then, the contours of the plant species inside those sub-plot photos and plant patches 

were mapped based on changes in colour and texture in the pixels supported by the 

drawings made in the fieldwork logbook (Figure 3.9). These contours were used as 

training (spatial) samples for the supervised classification images. 
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Figure 3.9. Flowchart of fieldwork data handling. 

 

3.4. Laboratory sediment analysis 

3.4.1. Sediment water content (H2O%) 

 

Sediment samples were prepared to analyse water content (H2O%), organic matter 

content in %, and median sediment grain size diameter (d50) (Figure 3.10). Firstly, the 

wet samples were weighed (wet weight), and then the sediment samples were dried in an 

oven at 60°C for approximately one week. After the evaporation of the water, the samples 

were weighed again (dry weight). By computing the weight difference, the H2O% inside 

the sediment samples was calculated as the proportion of weight loss compared to the 

original weight (Castillo et al., 2010; Contreras-Cruzado et al., 2017). Then, the dry 

samples were separated in two, with half being transferred to a plastic container and the 

other half to a crucible. 

 

3.4.2. Sediment organic matter (OM) 

 

The organic matter content (OM) was estimated by the loss on Ignition method 

(LOI) (Carey et al., 2017; Craft et al., 1991; Heiri et al., 2001; Macreadie et al., 2013). 

The dry samples in the crucible were taken to a muffle furnace, increasing the temperature 
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to 450°C, then remaining at that temperature for 4 hours. The weight of destroyed organic 

matter was calculated as the proportion of weight loss before (dry weight) and after the 

muffle furnace (ash-free dry weight or AFDW) (Figure 3.10). 

 

3.4.3. Sediment grain size distribution and median diameter (d50) 

 

To assess the grain size distribution, the sediment plastic container samples were 

subject to a pre-treatment using 35% hydrogen peroxide (H2O2) for 2 to 3 days to destroy 

the organic matter (OM) (Allen & Thomley, 2004; Gray et al., 2010). After OM 

destruction, the coarse sediment fraction was sieved using a 2 mm sieve (with the aid of 

deionised water) to separate the sediment fractions above 2 mm (>2 mm) on the sieve and 

below 2 mm (<2 mm) (Figure 3.10). The sediment fraction >2 mm in the sieve was dried 

and weighed. The <2 mm sediment fraction remained steady for a few days to let the 

particles sediment. Once the <2 mm fraction was sedimented, the water was discarded, 

and a dispersant agent (Hexametaphosphate, 1g/L) was added to the sample to prevent 

flocculation. To determine the particle size distribution of the sediment fraction <2mm 

sample, a laser diffraction analysis was performed using a Malvern Mastersizer 3000 by 

measuring the angular variation of laser light intensity to determine grain size (Roner et 

al., 2016) (Figure 3.10). Values such as measurement time, stirring rate, and obscuration 

level were selected according to the sample composition. When using the equipment, the 

sediment in solution in the samples was slowly added to a container with a dispersant 

agent until an obscuration level between 5-15 %. Each sample was measured six times 

(around ten seconds each) with a background measurement time of 20 seconds. After the 

measurements, the sediment size values from both the coarse sediment fraction (>2mm 

sample that stayed on the sieve) and finer sediment fraction (<2mm from the Malvern) 

were then transferred to an Excel sheet to compute the clay and silt % and the median 

diameter (d50) using GRADISTAT v.8.0 macro (Blott & Pye, 2001) (Figure 3.10). Results 

from the sediment analysis will complement the characterisation of the salt marsh 

zonation in the study sites and allows to decipher the influence of the sediment properties 

(H2O%, OM, and d50) on the spectral signature from the satellite images.  
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Figure 3.10. Flowchart of sediment analysis. 

 

3.5. Satellite data processing 

3.5.1. Satellite images and processing  

 

The satellite imagery used for analysis was the SuperDove constellation of 

microsatellites from Planet LABS PBS. The SuperDove satellite images have eight 

spectral bands positioned between 400 and 900 nm (Table 3.1) with a resolution of 3m, 

meaning that each pixel has an area of 3x3 m (Du et al., 2022). The satellite images were 

downloaded from the Planet Explorer website (https://www.planet.com) and are aligned 

with the day closest to the fieldwork (Table 3.2), ensuring optimal conditions with 

minimal cloud cover in the ROIs. The images were downloaded as a ".tiff" in a composite 

format (meaning that they result from an overlap of images taken on the same day with a 

slight difference of time between them, assuring a better quality) and with harmonisation, 

providing data with a spectral response similar to Sentinel-2, making it easier to handle 

in the SNAP software (Version 9.0.0). The geolocation mean error of the SuperDove 

satellite image in Europe is approximately 8.2m (Wolfe et al., 2021), and the specific 

geolocation error of the study areas was of approximately 1m in Bias and Olhão. The 
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specific geolocation error for the study areas was assessed by comparing the SuperDove 

satellite images with the drone images, using specific landmarks, such as the artificial 

walk paths and plant species patches, to calculate the difference between the SuperDove 

satellite image and the drone image. 

 The satellite images were turned into subsets after being acquired to analyse only the 

ROIs, and then the image classification methods were tested in the SNAP software 

(Version 9.0.0). All the different supervised and unsupervised classifications were 

replicated in all four seasons to see the seasonal variations and zonation of the plant 

species. 

 

 

Table 3.1. Bands and wavelengths from SuperDove satellite constellation (Planet, 2023). 

Band Name Wavelengths (nm) 

1 Coastal Blue 443  

2 Blue 490  

3 Green I 531  

4 Green 565  

5 Yellow 610  

6 Red 665  

7 Red Edge 705  

8 NIR 865  

 

Table 3.2. Dates of the retrieved SuperDove satellite images for both ROIs. 

 Dates 

Season Bias Olhão 

spring 24/06/2023 09/04/2024 

summer 16/07/2023 11/06/2024 

autumn 28/10/2023 20/10/2023 

winter 31/01/2024 24/01/2024 
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3.5.2. Unsupervised classifications 

 

Two unsupervised classification methods were tested: the EM cluster and the K-

means cluster. The images were created and compared to determine the model skill to 

predict the variability of the vegetation in both ROIs, replicating them in all seasons. After 

choosing the method with the best skill for the analysis, a colour pallet was created. The 

pallet of colours for the classes shows the different vegetated areas with various green 

colours, soil classes with brown, water classes with blue, and ground paths with yellow. 

These steps were then replicated in all four seasons to see if this methodology can clearly 

show the seasonal variation and the variations in the zonation of both ROI’s. 

 

3.5.3. Supervised classifications 

 

Five supervised methods were tested: RF, KNN, KD-KNN, ML, and MD (see 

flowchart in Figure 3.11). After choosing the model with the best skill to predict the 

variability of the vegetation in all stations, the classification was done only for the area 

where the plots were deployed (PA). Afterwards, a classification of the entire area of the 

ROIs (EA) was created (Figure 3.11).  

The next step was to create a new set of images with the composite of all the data 

collected throughout all fieldwork campaigns (AC) (Figure 3.11). The plant species 

contours from spring were added to the summer data, creating one classification image 

(spring + summer data); after that, this composite of data would also have the data from 

autumn added, creating a second image (spring + summer + autumn data). Lastly, this 

second composite of data would have the winter data added, having, in the end, the third 

image with the plant contours acquired in the fieldwork from all the campaigns. This 

progressive composite of data was conducted for both the areas close to the plots (AC-

PA) and for the entire areas (AC-EA) of both salt marshes to see how the cumulative 

effect of field data influences the quality of the classification. The composite of data 

considers that the location of the plants barely changed throughout the year. This 

methodology cannot be used to analyse the seasonal variations since it uses data from all 

the seasons, but it can be used to analyse the overall zonation of the plant species. 
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Since the supervised classification had ground-truth data from the plant species 

(training samples), the colour manipulation of the labelled classes tried to closely depict 

the colours from the plant species or their specific features, such as choosing the label 

colour purple for the Limoniastrum monopetalum, a plant species with purple flowers 

(Appendix B, Table B1). In certain instances, the colour representation of specific 

labelled categories was given a random colour label. For example, Sarcocornia perennis, 

typically green with red/orange parts during spring (Appendix B, Table B1), was 

assigned a labelled class with the colour blue. This was done to enhance the visualisation 

of the plant species, as most of them are predominantly green. 

To determine the classification error compared to reality, the accuracy and root mean 

squared error (RMSE) were acquired (Figure 3.11). The accuracy is the ratio of correct 

predictions (when a prediction from the classification matches the actual class, or ground 

truth) to the total number of predictions. The RMSE represents a single value that 

summarises the average error between predicted (𝒚̂𝒊) and actual values (yi) divided by the 

number of samples (N), providing insight into the proximity of the predictions to the true 

outcomes (Equation 1). The analysis of these values aimed to find the method with the 

highest accuracy percentages and lowest RMSE values, which would be the most precise 

method. The values come as an output from the SNAP software when creating the 

classification images.  

  

 

           

RMSE = √∑
(𝑦𝑖− 𝑦̂𝑖)

2

𝑁
𝑁
𝑖 =1                       (𝐄𝐪𝐮𝐚𝐭𝐢𝐨𝐧 𝟏)  
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Figure 3.11. Flowchart of satellite data processing. 

 

3.5.4. Spectral signature  

 

The SuperDove satellite images were used to extract the spectral signature from the 

salt marsh vegetation inside the plots. The eight bands from the satellite image (Table 

3.1) depict the visible light spectrum, ranging from Blue (443nm) to Near-infrared 

(865nm). The reflectance values from the SuperDove images are scaled by 10000 to 

reduce error (Vazir, 2021), so the values were divided by 10000 to depict the original 

reflectance values. 

The spectral signatures were measured in heterogeneous locations, characterised by a 

high diversity/mixture of plant species (within the plots) and homogenous locations 

containing a single marsh plant species (additional plant species patches). The spectral 

signature values were extracted from the pixel centres of the satellite image using the 

SNAP software. Together with the spectral signatures, the percentage of plant species 
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inside the pixels was calculated in all seasons. These percentages were calculated using 

the pixel where the spectral signature was extracted as the total area. The contours of the 

plant species were used to calculate the percentage of each plant species inside the pixel 

using the field calculator in QGIS. These values were then compared to the spectral 

signatures to observe the influence of each plant species on the spectral signature. 

 

4. Results 

4.1. Analysis of sediment characteristics in the studied sites 

Looking at the sediment analysed in the ROI of Bias (Figure 3.6), the values of H2O% 

are lower and d50 higher in the high marsh (samples 1 to 4, Figure 4.1), decreasing the 

values of d50 and increasing H2O% advancing into the lower marsh (samples 8 to 10, 

Figure 4.1). When looking at the organic matter content (OM), the obtained values do 

not vary considerably throughout the zonation, having their highest value closer to the 

low marsh. 

 

Figure 4.1. Grain size and sediment geochemical properties in Bias rewilded salt marsh, namely d50, 

water content (H2O%), and organic matter (OM), from the high marsh towards the low marsh. 
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When analysing the sediment in Olhão, a lack of pattern can be seen since only 9 out 

of the 15 samples cover the full zonation of the salt marsh (Figure 3.7). The high marsh 

showed high d50 values (between 300 and 350 µm) and low percentages of H2O% (Figure 

4.2). In the medium marsh, the values of d50 have a higher variation, with an increase in 

the percentage of H2O%. Lastly, in the low marsh, the H2O% is considerably higher, with, 

in general, lower values of d50 compared to the high marsh. OM values in Olhão were 

considerably low compared to Bias, having its highest values, close to 1% of OM, in the 

low marsh. All the values in the medium and low marsh do not have a pattern, possibly 

due to these areas still being in development since the rewilding process in Olhão is 

relatively recent, starting in 2017. 

 

Figure 4.2 Grain size and sediment geochemical properties in Olhão rewilded salt marsh, namely d50, 

water content (H2O%), and organic matter (OM) in the sediment of Olhão, being the samples separated by 

the zonation in the salt marsh. 

4.2. Unsupervised classifications 

4.2.1. Comparison of unsupervised imagery methods 

 

When comparing the results of the selected methods for unsupervised 

classification, the EM clustering (Figure 4.3c and Figure 4.4c) and K-means clustering 

(Figure 4.3d and Figure 4.4d) exhibit minimal differences in the distribution of the 
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classes. The differences mainly arise from the increased number of layers of vegetated 

classes in certain areas of the EM cluster images, such as the vegetated regions in the 

bottom left of the image in Bias (Figure 4.3c). While Bias exhibited these slight 

discrepancies between the two methods, the class variations were less pronounced in 

Olhão. 

Since the unsupervised classifications cannot classify to the species level, the 

classes were labelled only with the main features of the salt marsh (vegetated areas, 

ground soil, and water). Even though it could not classify to the species level, the 

unsupervised classifications managed to depict different classes of vegetated areas. Given 

the similarity between the two classifications in capturing the seasonal variations of plant 

species, the EM clustering method was selected because it was slightly more consistent 

within the images. 

 

 

Figure 4.3. Comparison between unsupervised classifications derived from the spring fieldwork 

campaign in Bias. To facilitate comparison, panel a) presents a DJI P4 drone image, and panel b) displays 

the SuperDove satellite image from spring. The classification outputs include c) an EM cluster 

classification and d) a K-means cluster classification. 

 

 



 
 

29 
 

 

Figure 4.4. Comparison between unsupervised classifications derived from the spring fieldwork 

campaign in Olhão. To facilitate comparison, panel a) presents a DJI P4 drone image, and panel b) 

displays the SuperDove satellite image from spring. The classification outputs include c) an EM cluster 

classification and d) a K-means cluster classification. 

 

4.2.2. Analysis of Expected Maximization cluster (EM cluster) imagery 

classifications 
 

The unsupervised classification using the EM cluster for Bias (Figure 4.5) and Olhão 

(Figure 4.6) identified nine and eight classes, respectively. Since the unsupervised 

classification does not rely on training samples, it could not achieve species-level 

classification, only classifying broader vegetated areas and the main features of the salt 

marshes. However, the seasonal variation in vegetation is evident, as reflected in the 

changes among the identified vegetation classes. One example is the appearance of 

vegetation 6 in Bias in winter (Figure 4.5f) or the variations of the ground class in Olhão, 

increasing in spring and autumn and decreasing in summer and winter (Figure 4.6). Due 

to the inherent limitations of the EM clustering method of classifying up to the species 

level, visualising the variation of plant species is not feasible. This emphasises the need 

for more precise methods, such as supervised classifications. 
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Figure 4.5. Unsupervised EM cluster classifications for the Bias rewilded salt marsh.  To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The EM cluster classification outputs include the c) spring, d) summer, e) autumn, and f) 

winter images. 
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Figure 4.6. Unsupervised EM cluster classifications for the Olhão rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The EM cluster classification outputs include the c) spring, d) summer, e) autumn, and f) 

winter images. 

 

4.3. Supervised imagery classification  

4.3.1. Analysis of the supervised imagery classifications 

 

The RF classification method outperformed the other supervised methods, i.e., it had 

a better approximation between the output classified image and fieldwork data (Figure 

4.7g and Figure 4.8g). It correctly portrayed most of the salt marsh zones and other 

natural/human features present in the area, such as the flooding zones, artificial walking 

paths, and vegetated areas, and most plant species are classified in their correct zonation. 
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The other classification methods, KNN (Figure 4.7c and Figure 4.8c), KD-KNN (Figure 

4.7d and Figure 4.8d), and MD (Figure 4.7e and Figure 4.8e), provided less accurate 

imagery classifications for the plant species, particularly for the low marsh plant zonation. 

Plant species from the low marsh, such as Sarcocornia perennis (light blue class - Figure 

4.7 to Figure 4.16) and Salicornia ramosissima (light pink class - Figure 4.7 to Figure 

4.16), are depicted in the high/medium marsh in all the previously mentioned 

classification methods, aside from RF (Figure 4.7g and Figure 4.8g). Lastly, the ML 

(Figure 4.7f and Figure 4.8f) did not classify most of the pixels, only having three labels 

in Bias (Ground, Limoniastrum monopetalum, and water) and two in Olhão (Ground and 

Limoniastrum monopetalum). With those results, the RF was selected as the preferred 

supervised method for subsequent analyses. 

 

Figure 4.7. Comparison between supervised classifications derived from the spring fieldwork campaign 

in the Bias rewilded salt marsh. To facilitate comparison, panel a) presents a DJI P4 drone image, and 

panel b) displays the SuperDove satellite image from spring. The classification outputs include a c) KNN 

classification, d) KD-KNN classification, e) MD classification, f) ML classification, and g) RF 

classification. 
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Figure 4.8. Comparison between supervised classification methods derived from the spring fieldwork 

campaign in the Olhão rewilded salt marsh. To facilitate comparison, panel a) presents a DJI P4 drone 

image, and panel b) displays the SuperDove satellite image from spring. The classification outputs 

include a c) KNN classification, d) KD-KNN classification, e) MD classification, f) ML classification, 

and g) RF classification. 

 

 

4.3.2. Random Forest imagery classifications using the plot areas (RF-PA) 

 

During fieldwork, 17 distinct plant species and other features, such as soil and water, 

were identified and used as training samples in Bias (Appendix B, Table B1). However, 

the produced RF classification images of the area close to the plots (RF-PA) portrayed 

only five classes in the spring (Figure 4.9c), seven classes in the summer (Figure 4.9d), 

eight classes in the autumn (Figure 4.9e), and ten classes in the winter (Figure 4.9f). The 

RF-PA classification was unable to accurately differentiate the zonation of plant species, 

with high marsh species such as Limoniastrum monopetalum (represented by the pink 

class - Figure 4.7 to Figure 4.16), Artrochnemum macrostachys (red class - Figure 4.7 

to Figure 4.16), and Caroxylon vermiculatum (green class - Figure 4.7 to Figure 4.16) 

(Appendix B, Table B1) being misclassified as low marsh species (Figure 4.9c, Figure 

4.9e, and Figure 4.9f). A significant number of species identified during fieldwork within 
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the plots were not correctly classified by the RF methods, likely due to an insufficient 

number of training samples for the algorithm. Additionally, the spatial resolution of the 

satellite imagery, with each pixel representing a 3x3m area, may have contributed to the 

difficulty in accurately classifying individual plant species in areas with high species 

diversity and overlap. 

 

Figure 4.9. Supervised RF-PA classifications for the Bias rewilded salt marsh. To facilitate comparison, 

panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image from spring. 

The RF-PA classification outputs include the c) spring, d) summer, e) autumn, and f) winter images. 

 

In Olhão, 13 plant species and other features were identified during fieldwork and 

used as training samples (Appendix B, Table B1). The obtained RF-PA classifications 

resulted in five classes in spring (Figure 4.10c), nine classes in summer (Figure 4.10d), 

seven classes in autumn (Figure 4.10e), and four classes in winter (Figure 4.10f). The 

produced classifications could not accurately reproduce the vegetated areas and 

frequently led to misclassification of the plant species in the incorrect zonation of the salt 

marshes. For instance, in autumn (Figure 4.10e), the RF-PA classification incorrectly 

assigned Caroxylon vermiculatum (green class - Figure 4.7 to Figure 4.16) to the low 

marsh zone. 
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Figure 4.10. Supervised RF-PA classifications for the Olhão rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The RF-PA classification outputs include the c) spring, d) summer, e) autumn, and f) winter 

images. 

 

4.3.3. Random Forest imagery classification using the entire salt marsh area (RF-

EA) 

 

When applying the RF classification to the entire salt marsh area (RF-EA) at The 

Bias ROI, out of the 17 different plant species and other features encountered in the 

fieldwork campaigns, the resulting classifications produced eleven classes in spring 

(Figure 4.11c), twelve classes in summer (Figure 4.11d), eleven classes in autumn 

(Figure 4.11e), and eleven classes in winter (Figure 4.11f). Compared with the 

classification obtained using only the plot areas (RF-PA), RF-EA had an increase in the 

number of classes across all seasons. The RF-EA classification effectively discriminated 

several key features, including artificial walking paths in the upper part of the images, the 

flooding zone, and vegetated areas, with most plant species accurately classified within 

their respective marsh zonation (Figure 4.11). Seasonal variations can be seen in the 

classifications, such as the variations of Limoniastrum monopetalum (pink class), which 
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corresponds to its flowering season (Appendix B, Table B1), with a higher number of 

classes in spring (Appendix C, Figure C1a). 

 

Figure 4.11. Supervised RF-EA classifications for the Bias rewilded salt marsh. To facilitate comparison, 

panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image from spring. 

The RF-EA classification outputs include the c) spring, d) summer, e) autumn, and f) winter images. 

 

In the Olhão ROI, the RF-EA classifications produced six classes in spring 

(Figure 4.12c), eight classes in summer (Figure 4.12d), seven classes in autumn (Figure 

4.12e), and six classes in winter (Figure 4.12f). These results reflect an increase in the 

number of classes compared to the RF-PA imagery classifications (Figure 19). During 

the spring (Figure 4.12c) and summer (Figure 4.12d), the produced classification allows 

us to distinguish the primary features of the ROI, including artificial pathways, flooding 

areas, and vegetated zones. However, in autumn (Figure 4.12e) and winter (Figure 

4.12f), significant misclassifications were observed, particularly in the depiction of 

ground in autumn and the classification of Caroxylon vermiculatum (green class) in 

winter. 
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Figure 4.12. Supervised RF-EA classifications for the Olhão rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The RF-EA classification outputs include the c) spring, d) summer, e) autumn, and f) winter 

images. 

 

4.3.4. Random Forest imagery classification with a composite of data from all 

seasons, using the plot areas (RF-AC-PA) 

 

The produced classifications close to the plot areas with a composite of the data 

acquired throughout the fieldwork campaigns (RF-AC-PA) in Bias resulted in nine classes 

in summer (Figure 4.13c), seven classes in autumn (Figure 4.13d), and ten classes in 

winter (Figure 4.13e). In Olhão, it resulted in seven classes in winter (Figure 4.14c), 

seven classes in spring (Figure 4.14d), and nine classes in summer (Figure 4.14e). 

Despite the increase in training samples, the classification images failed to accurately 

delineate the plant species zonation, having, in many cases, species from the high marsh 

in the low marsh, such as Limoniastrum monopetalum in autumn and winter from Bias 

(Figure 4.13d and Figure 4.13e, respectively).  
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Figure 4.13.  Supervised RF-AC-PA classifications for the Bias rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The RF-AC-PA classification outputs include the c) summer, d) autumn, and e) winter 

images. 
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Figure 4.14. Supervised RF-AC-PA classifications for the Olhão rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The RF-AC-PA classification outputs include the c) winter, d) spring, and e) summer images. 

 

4.3.5. Random Forest imagery classification with a composite of data from all 

seasons, using the entire salt marsh area (RF-AC-EA) 

 

The classifications of the entire ROIs using a composite of data (RF-AC-EA) had 

significantly improved results compared to the previous classifications, having a better 

distribution of the classes throughout the images. In Bias, the RF-AC-EA method 

produced ten classes in summer (Figure 4.15c), twelve classes in autumn (Figure 4.15d), 

and fourteen classes in winter (Figure 4.15e). In Olhão, the classifications identified six 

classes in winter (Figure 4.16c), eight classes in spring (Figure 4.16d), and nine classes 

in summer (Figure 4.16e). The RF-AC-EA method displayed improved classification 
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skills, effectively distinguishing the main features from the salt marshes and accurately 

displaying the correct zonation of most plant species. However, due to the composite 

nature of the data—incorporating information from multiple seasons—an analysis of 

seasonal variation is not feasible within this classification method. 

 

 

Figure 4.15.  Supervised RF-AC-EA classifications for the Bias rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The RF-AC-EA classification outputs include the c) summer, d) autumn, and e) winter 

images. 
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Figure 4.16. Supervised RF-AC-EA classifications for the Olhão rewilded salt marsh. To facilitate 

comparison, panel a) presents a DJI P4 drone image, and panel b) displays the SuperDove satellite image 

from spring. The RF-AC-EA classification outputs include the c) winter, d) spring, and e) summer 

images. 

 

4.3.6. Accuracy of the applied models/algorithms of imagery classification 

 

To better understand the results from the classification images, their accuracies 

and RMSEs were acquired. RF had the most satisfactory values in both ROIs, having the 

best agreement between what was observed in the field and what was predicted in the 

mapping. It yielded an average accuracy of 83.64% in Bias and 80.28% in Olhão, together 

with an average RMSE of 2.36 in Bias and 2.06 in Olhão (Table 4.1). In contrast, other 

supervised methods had much lower accuracies and RMSE values, with, on average,  ML 

having 7.48% (Bias) and 9.09% (Olhão)  accuracies and RMSE of 6.32 (Bias) and 6.11 

(Olhão), MD with 17.64% (Bias) and 18.72% (Olhão) accuracies and RMSE of 11.26 

(Bias) and 6.06, KNN 40.10% (Bias) and 41.18% (Olhão) accuracies and RMSE of 4.09 

(Bias) and 4.79 (Olhão), and finally KD-KNN with of 43.85% (Bias) and 41.71% (Olhão) 

accuracies and RMSE of 3.83 (Bias) and 4.69 (Olhão) (Table 4.1).  
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 The average accuracies and RMSEs from the RF classifications confirm the 

previous analysis, which shows that the best methodology was using a composite of data 

and the entire area of the salt marshes (RF-AC-EA) (Table 4.2). This methodology had 

the highest accuracy in both areas (average of 88.28% in Bias and 73.81% in Olhão) and 

low RMSE (average of 2.09 in Bias and 1.74 in Olhão (Table 4.2). In contrast, the 

methodology with the least satisfactory values was the RF-AC-PA, with an average 

accuracy of 27.86% in Bias and 51.71% in Olhão and low RMSE with 4.09 in Bias and 

2.46 in Olhão (Table 4.2). Despite RF-AC-EA having the best average values, RF-EA 

still demonstrated satisfactory values, having accuracies above 50% and RMSEs close to 

2. The average accuracies and RMSEs were similar to those achieved by RF-AC-EA. 

Even without the composite data, RF-PA generally showed, in general, slightly superior 

values than RF-AC-PA, even having satisfactory values (accuracy above 50% and 

RMSEs close to 2) in most classifications from Olhão (Table 4.2). 

 

Table 4.1. Accuracy and RMSE for the applied supervised classification methods. The values presented 

are for both studied ROIs and from the spring campaign. 

 Bias Olhão 

Seasons Accuracy (%) RMSE Accuracy (%) RMSE 

KNN 40.10 4.09 41.18 4.79 

KD-KNN 43.85 3.83 41.71 4.69 

MD 17.64 11.26 18.72 6.06 

ML 7.48 6.32 9.09 6.11 

RF 83.64  2.36 80.28 2.06 
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Table 4.2. Accuracy and RMSE for the applied classification methodologies using RF. The values 

presented are for both studied ROIs and all surveyed seasons. 

 Bias Olhão 

Seasons Accuracy (%) RMSE Accuracy (%) RMSE 

 

spring 47.61 3.01 54.16 3.58 

summer 20.00 4.52 67.85 1.34 

autumn 21.73 3.54 56.00 2.23 

winter 34.37 4.18 44.82 3.88 

Average 30.93 3.81 55.71 2.76 

 

spring 83.64 2.36 80.28 2.06 

summer 83.69 2.12 82.60 1.04 

autumn 84.59 1.80 82.60 1.70 

winter 84.87 1.97 50.00 4.09 

Average 84.20 2.06 73.87 2.22 

 

spring - - 51.16 2.49 

summer 10.00 3.57 52.50 2.52 

autumn 30.00 4.33 - - 

winter 43.59 4.38 51.51 2.36 

Average 27.86 4.09 51.72 2.46 

 

spring - - 74.79 1.93 

summer 90.54 1.54 69.56 1.71 

autumn 89.26 1.97 - - 

winter 85.06 2.76 77.08 1.60 

Average 88.28 2.09 73.81 1.74 
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4.4. Analysis of the spectral signatures of the plots  

For the initial analysis, three plots that represented each zonation of the salt marshes 

were chosen, more specifically, plots 1, 6, and 15 in Bias (Table 4.3) and plots 1, 3, and 

6 in Olhão (Table 4.4). Throughout all the plots, the spectral signature shapes in both 

rewilded salt marshes vary considerably, not only due to the inter-species mixed 

communities inside them but also because of the seasonal variation of all the plants, such 

as plants drying in summer and flowering in spring.  

In general, the spectral signatures had peaks close to the red edge and near infra-red 

(NIR) (between 705 nm and 865 nm), typical for plant species, and another peak in the 

yellow (610 nm) (Table 4.3 and Table 4.4). In winter, the values in the near infra-red (865 

nm) had a sudden peak compared to the other seasons, depicted as the blue lines in Table 

4.3 and Table 4.4. This increase in the NIR reflectance occurred due to the proliferation 

of the species Oxalis pes-caprae in the Bias rewilded salt marsh, appearing from plots 1 

to 12 (Appendix D, Table D1). Since this species dominated in coverage and height 

compared to the other salt marsh species, reflectance during winter was more pronounced 

due to these species having a strong signal compared with the other vegetation, 

particularly the NIR bands. In Olhão (Table 4.4 and Appendix D, Table D2), the 

reflectance values do not vary considerably, displaying peaks close to the red edge and 

NIR (between 705 nm and 865 nm).  

In each fieldwork campaign, the composition of plant species within each plot 

changed (Appendix D, Table D1 and Table D2). This occurred due to various factors 

such as plants dying, new growth overlapping existing species, or errors in the plot setup. 

However, the variations in the spectral signature do not follow a predictable pattern based 

on the percentage of plant species. This is evident when looking at Table 4.3, Plot 1, 

where similar percentages of Artrochnemum macrostachys and Limoniastrum 

monopetalum in different seasons (e.g., summer and autumn or spring and winter, 

respectively) have completely different reflectance values and patterns in the spectrum 

shape. Also, spring has a similar spectrum shape to summer despite the completely 

different plant percentages.
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Table 4.3. Spectral signatures of plant species inside three plots of Bias in the high marsh (Plot 1), medium marsh (Plot 6), and low marsh (Plot 15). The wavelengths range 

from 443 nm (Blue) to 865 nm (Near-infrared). The percentages of plant species inside each plot for all seasons are shown with the spectral signature. The percentage of the 

plant species was calculated using the pixel where the spectral signature was extracted as the total area, using the contours of the plant species to calculate the percentage 

inside the pixel in QGIS. 

Plot                        Plant species  Spectral signatures 

 

 

 

 

 

 

 

 

1 

 

spring 

 

Limoniastrum monopetalum (96.8%) 

 

 

 

Soil* (3.72%) 

 

 

 

summer 

 

Artrochnemum macrostachys (68.71%) 

Limoniastrum monopetalum (25.64%) 

Soil* (5.65%) 

 

autumn 

 

Artrochnemum macrostachys (63.99%) 

Limoniastrum monopetalum (19.96%) 

Soil* (16.05%) 

 

winter 

 

Limoniastrum monopetalum (88.52%) 

Oxalis pes-caprae (11.48%) 
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*Soil = General sediment           **Ground = Artificial walking paths or sand 

 

 

6 

 

spring 

Artrochnemum macrostachys (3.89%) 

 

Caroxylon vermiculatum (20%) 

Soil* (76.11%) 

 

summer 

Limoniastrum monopetalum (17.61%) 

Caroxylon vermiculatum (0.66%) 

Soil* (81.74%) 

 

autumn 

Limoniastrum monopetalum (1.19%)  

Caroxylon vermiculatum (1.85%) 

Soil* (96.96%) 

 

winter 

Artrochnemum macrostachys (16.35%) 

Oxalis pes-caprae (83.65%) 

 

 

15 

 

 

spring 

Suaeda vera (12.42%) 

 

Sarcocornia perennis (4.49%) 

Halimione portucaloides (2.66%) 

Salicornia ramosissima (20.26%) 

Dead Zostera noltii (60.18%) 

 

summer 

Soil* (55.65%) 

Sarcocornia perennis (42.68%) 

Spartina maritima (1.67%) 

 

autumn 

Soil* (6.11%) 

Sarcocornia perennis (0.3%) 

Halimione portucaloides (3.16%) 

Salicornia ramosissima (90.43%) 

 

 

winter 

Soil* (1.35%) 

Suaeda vera (8.11%) 

Sarcocornia perennis (11.97%) 

Salicornia ramosissima (20.76%) 

Dead Zostera noltii (57.81%) 
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Table 4.4. Spectral signatures of plant species inside three plots of Olhão in the high marsh (Plot 1), medium marsh (Plot 6), and low marsh (Plot 15). The wavelengths range 

from 443 nm (Blue) to 865 nm (Near-infrared). The percentages of plant species inside each plot for all seasons are shown with the spectral signature. The percentage of the 

plant species was calculated using the pixel where the spectral signature was extracted as the total area, using the contours of the plant species to calculate the percentage 

inside the pixel in QGIS. 

Plot Plant species  Spectral signatures 

 

 

 

 

 

 

1 

 

spring 

 

Limoniastrum monopetalum (17.45%) 

 

 

Atriplex halimus (71.36%) 

Ground** (11.19%) 

 

summer 

 

Limoniastrum monopetalum (36.03%) 

Atriplex halimus (36.31%) 

Ground** (27.66%) 

 

autumn 

 

Limoniastrum monopetalum (19.97%) 

Caroxylon vermiculatum (0.49%) 

Atriplex halimus (79.54%) 

 

winter 

 

Limoniastrum monopetalum (11.37%) 

Ground** (5.62%) 

Atriplex halimus (28.78%) 

Oxalis pes-caprae (54.23%) 
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*Soil = General sediment           **Ground = Artificial walking paths or sand

 

 

3 

 

spring 

 

Dead Zostera noltii (66.56%) 

 

Ground** (33.44%) 

 

summer 

Sarcocornia perennis (15.49%) 

Salicornia ramosissima (0.43%) 

Dead Zostera noltii (75.21%) 

Ground** (8.87%) 

 

autumn 

 

Dead Zostera noltii (42.06%) 

Ground** (57.94%) 

winter Dead Zostera noltii (77.45%) 

Ground** (22.55%) 

 

 

6 

 

spring 

Ground** (1.96%) 

 

Sarcocornia perennis (9.93%) 

Spartina maritima (74.38%) 

Soil* (13.73%) 

 

summer 

Ground** (5.68%) 

Sarcocornia perennis (13.15%) 

Spartina maritima (51.18%) 

Soil* (29.99%) 

 

autumn 

Sarcocornia perennis (52.66%) 

Salicornia ramosissima (4.17%) 

Ground** (43.17%) 

Spartina maritima (4.38%) 

 

winter 

Soil* (27.51%) 

Ground** (4.15%) 

Sarcocornia perennis (5.88%) 

Spartina maritima (62.47%) 
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5. Discussion 
 

5.1. Application of imagery classification methods to study rewilded 

salt marshes 

Significant differences in characteristics are observed when comparing the salt 

marshes in this study, mainly in their vegetation density and sediment characteristics. The 

Bias rewilded salt marsh (Figure 3.1c) presents much denser and more diverse vegetation 

than Olhão (Figure 3.1d). The Olhão ROI has a vast portion of its area covered by sand 

and is in an earlier stage of the rewilding process (Appendix A, Figure A2). Even with 

those differences, the classifications in both rewilded salt marshes had similar behaviour, 

showing that this methodology can be used in different locations. The EM cluster 

unsupervised classification method managed to classify/reproduce the main features in 

the analysed salt marsh (Figure 4.5 and Figure 4.6), as well as the seasonal variations. 

So, if a management project cannot have fieldwork campaigns, the EM cluster can be 

helpful in visualising general seasonal and zonation variations in rewilded salt marshes. 

The current study found that among the tested supervised classification methods, Random 

Forest (RF) was the most effective classification method (better model skill) when using 

3m resolution SuperDove satellite images. KNN, KD-KNN, and MD portrayed multiple 

misclassifications, and ML only classified three features out of seventeen (ground, water, 

and Limoniastrum monopetalum). In contrast, RF correctly portrayed the main features 

of the salt marsh and classified most of the plant species. The robustness of RF 

outperformed other supervised classification methods and was consistent with findings 

from previous research (Belgiu & Drăgu, 2016; Breiman, 2001; Rodriguez-Galiano et al., 

2012). RF classification can classify up to the species level, better displaying the zonation 

and seasonal variations in the areas than the EM cluster classification images (Figure 4.5 

and Figure 4.6). 

Applying RF classification for the entire salt marsh area using the composite of 

training samples (RF-AC-EA) provided the best classification images compared to the 

other RF methods from this work. It denoted the most realistic distribution of the plant 

species’ classes in each zone (Figure 4.15 and Figure 4.16) and accuracies around 80%. 

However, because of the composite of data throughout the seasons, this method is not 
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ideal for the vegetation seasonal analysis. Creating a classification with a composite of 

data using only the area close to the plots (RF-AC-PA) gave unsatisfactory results (Figure 

4.13 and Figure 4.14). RF-AC-PA had, on average, the lowest accuracy in both ROIs, 

with accuracies close to 30% in Bias and 50% in Olhão (Table 4.2). When comparing the 

results between the ROIs, the RF classifications obtained for Olhão using the plot areas - 

RF-PA and RF-AC-PA - denoted higher accuracies and lower RMSEs than Bias (Table 

4.2). This is due to the size of the area used for the classification. The area used to classify 

the RF-PA in Olhão is almost half the size used for the entire area, while in Bias, the area 

used for RF-PA is almost five times smaller than the entire area used. In Olhão, the 

classifications that did not use a composite of data - RF-PA and RF-EA - had slightly 

higher accuracy averages than those with a composite of data - RF-AC-PA and RF-AC-

EA - (Table 4.2). Therefore, this study suggests that to classify plant species over a larger 

ROI, using composite data that covers the entire area will yield the most satisfactory 

images. For smaller ROIs, using composite data is unnecessary, as it produces results 

similar to classifications without it. Additionally, analysing the entire area still provides 

better results than focusing solely on the specific areas where data was initially collected. 

Although the images were captured during low tide, the algorithm classified a 

substantial portion of the images as water, with over 60% of the identified classes being 

water in many instances (Appendix C, Figure C1 for Bias and Figure C2 for Olhão). 

This misclassification may have resulted from the quality of the images, where darker 

imagery potentially influenced the performance of the algorithm, leading to an 

overestimation of water classes due to errors in the RF algorithm. To mitigate such errors, 

additional training samples from the mudflat area should have been collected, or a mask 

should be created in these areas so that they would not be classified. Not all the plant 

species encountered in the fieldwork campaigns were classified by RF. Asparagus albus, 

Juncus maritimus, and Sonchus arvenis were not classified in both ROIs. This possibly 

occurred due to the small number of training samples collected for this plant species or 

due to the limitations of the resolution of the satellite images. Some of these species did 

not have the minimum patch size to allow for adequate classification, being smaller than 

the original imagery resolution from SuperDove (3m). Using other missions with higher 

resolution, such as WoldView-2 (1.84m) and QuickBird (0.65m), could mitigate this 

error, managing to classify this plant species. 
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The primary features from the salt marshes classified by the RF algorithm across all 

methods included ground, soil, water, Spartina maritima, Limoniastrum monopetalum, 

and Artrochnemum macrostachys in Bias, as well as Atriplex halimus in Olhão, which 

collectively accounted for more than 50% in all classifications (Appendix C, Figure C1 

for Bias and Figure C2 for Olhão). This indicates that, aside from Spartina maritima, the 

majority of the identified features were either non-plant species or plant species from the 

high marsh. A possible explanation for this is the higher density of plant species in the 

high marsh, making them easier for the RF algorithm to classify. In contrast, plant species 

from the lower marsh, such as Sarcocornia perennis, Salicornia ramosissima, and 

Halimione portucaloides, were classified in fewer instances, likely due to their lower 

density. While high marsh plant species were generally classified within their correct 

zonation, Spartina maritima and Sarcocornia perennis experienced frequent 

misclassification, with both sometimes being incorrectly assigned to the high marsh. This 

could have occurred due to errors in the algorithm or these species having similar spectral 

signatures to plant species from the high marsh. Despite these misclassifications, RF was 

the most effective method for analysing rewilded salt marshes. For examining seasonal 

variations, the use of RF across the entire region of interest (RF-EA) was the most 

effective approach, while for analysing zonation variations, the use of RF with a 

composite of data from all seasons (RF-AC-EA) was preferred. 

Rummel et al. (2022) analysed seasonal variations in a restored wetland in Australia, 

also using RF and high-resolution satellite imagery. However, unlike this study, it did not 

classify the plant species, only the main features from the wetland (such as mangroves, 

salt marsh, and exposed soil). Regardless, its results also show that increasing training 

samples generally increases the classification accuracy and that RF is a great 

classification algorithm for seasonal analyses. However, Rummel et al. (2022) used 

images from Worldview-2, which have a higher resolution than the SuperDove images 

used in this work.  

Belluco et al. (2006) mapped the plant species from a natural salt marsh using multiple 

satellite missions, namely ROSIS, CASI, and MIVIS with hyperspectral images, and 

IKONOS and QuickBird with multispectral images. Like the current study, unsupervised 

and supervised methods were used to classify the plant species. Belluco et al. (2006) 

verified that spatial resolution affects classification accuracy much more significantly 

than spectral resolution. The coarsest multispectral data used in that work had a 3m 
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resolution, similar to SuperDove imagery. The K-means clustering algorithm was one of 

the employed classification methods to classify the plant species observed, being the 

colour manipulation of the labelled classes chosen through visual inspection of the 

generated map and comparison with reference data. However, this labelling of the classes 

could not be employed in this work due to the higher number of plant species analysed in 

the current study and the mixture of plant species being the focus of the analyses. The ML 

classification method was also applied by Belluco et al. (2006). However, contrary to the 

classifications achieved by Belluco et al. (2006), the ML classifications from the current 

study gave the most unsatisfactory results, only classifying 3 out of the 17 possible 

features. This might have occurred due to errors in the algorithm or its implementation.  

5.2. Influence of mixture of plant species in the salt marsh spectral 

signature 

The spectral signature of vegetation in each ROI is influenced by the plant mixture, 

as seen by the variations in the percentages of plant species giving various spectral 

signature shapes (Appendix D, Table D1 and Table D2). However, in most plots where 

the composition of the plants inside of them was similar, the spectral shapes were 

completely different, sometimes having not only different peaks in the spectral signature 

but also higher or lower values compared to similar plots. These variations occurred 

mainly on the green I (531nm), Yellow (610nm), red (665nm), red-edge (705nm), and 

NIR (865nm). An example of this was in Table 4.3, Plot 1, where the spectral shapes from 

summer and spring in Bias are similar, even though their composition of plant species is 

entirely different (summer was mainly composed of Artrochnemum macrostachys, and 

spring was almost entirely composed of Limoniastrum monopetalum). One of the possible 

reasons for this is that despite having a mixture of different plant species, they may be 

plants with very similar spectral signatures, making it impossible to differentiate them 

from a spectral point of view. This similarity in the spectral signatures between different 

plant species may occur mainly due to similarities in the biochemical composition of the 

plant species (Sims & Gamon, 2002). 

 These results show that patterns in the spectral signature in relation to the different 

mixtures of plant species cannot be made. Other factors influenced the spectral signatures, 

such as each species' chemistry (with different proportions of pigments, such as 

chlorophyll and carotenoids, each with their own reflectance), age, and biomass (Adam 
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et al., 2010; Isacch et al., 2006; Rajakumari et al., 2022; Silvestri et al., 2005). With those 

factors influencing the spectral signature, the specific influence of the mixture of plant 

species could not be analysed. This study did not took into consideration these factors due 

to the time limitations, only focusing on the mixture of the plant species. The spectral 

signature differentiation between plant species occurs across a wide range of 

wavelengths, highlighting the desirability of using high-resolution hyperspectral 

instruments for accurate species classification (Schmidt & Skidmore, 2003; Gao & 

Zhang, 2006) 

Even though the influence of each plant species in the spectral signature could not be 

found, the spectral signature could be used to make seasonal and zonation analyses of the 

rewilded salt marshes. The spectral signature shapes from spring and summer in the Bias 

rewilded salt marsh have higher reflectance values than in autumn and winter (Appendix 

D, Table D1). This mainly occurs because the accuracy in seasons with less rain (summer 

and spring) is higher since the presence of water can contaminate the spectral signatures 

(Liu et al., 2015; Sinha et al., 2012; Xu et al., 2019). However, in Olhão, the highest 

values tended to be in autumn and winter (Appendix D, Table D2). Regarding the 

zonation, in Bias, the low marsh had higher reflectance values, followed by the medium 

marsh, then the high marsh with lower values (Figure 5.1); the possible reason for this is 

that the low marsh is less dense in vegetation than the other areas in the zonation, where 

sediment can be more visible in the images. This can be seen by the plots in the low 

marsh, which had the highest percentages of soil, having up to 50% coverage (Appendix 

D, Table D1 and Table D2). In Olhão, the medium marsh had the highest reflectance 

values, followed by the high marsh, then the low marsh with lower values (Figure 5.2). 

The medium marsh in Olhão had the highest values mainly due to this area being mostly 

composed of sand, which is a highly reflective surface (Streck et al., 2003; Viallefont-

Robinet et al., 2019). 

Rajakumari et al., 2022 managed to create a catalogue for salt marsh plant species, 

viewing the main variations in the spectral signature shape and the specific peaks of each 

salt marsh plant species, analysing plant species with the same genus as some found in 

this work, such as the genus Suaeda sp. and Salicornia sp. The authors did not analyse 

areas with a mixture of plant species but only analysed singular canopies. Field 

hyperspectral spectroscopy was used to achieve the spectral signature from these plant 

species, not satellite remote sensing images.  In comparison with Rajakumari et al. (2022), 
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this study shows that to fully understand the mixture of the plant species using satellite 

imagery, first, the spectral signature shape of each species needs to be acquired through 

field hyperspectral spectroscopy so that the analysis of the mixture of plant species can 

be done. 

Gao & Zhang (2006) analysed the variations in the spectral signature of salt marsh 

plant species throughout the seasons. Unlike the current study, Gao & Zhang (2006) used 

field hyperspectral spectroscopy to achieve the spectral signatures, only analysed singular 

plants (and not a mixture of plant species) and did not analyse the value in winter. When 

comparing the results from Gao & Zhang (2006) with the results obtained in this study, it 

can be seen that the main variations from the plant species occurred after the visible light 

spectrum (approximately after 700nm), showing that to fully differentiate plant species 

using spectral signature, hyperspectral data is necessary. Since Gao & Zhang (2006) did 

not analyse the mixture of plant species, nor the same species analysed in this work, a 

comparison between its results and the results from this work is not feasible. However, 

Gao & Zhang (2006) state that “the seasonal differences in the spectral characteristics 

among the four main salt marsh communities were quite clear, which can be attributed to 

the phenology of each community type”. This shows that the spectral signature seasonal 

analysis of salt marsh plant species is feasible, but more studies are needed to test the 

feasibility of using high-resolution satellite imagery for this analysis.  

In sum, the influence of the mixture of plant species was found in the analysed 

rewilded salt marshes, but specific patterns on the spectral signature shape due to this 

mixture of plant species were not evident in the results. However, the spectral signature 

was found to be a valuable tool for visualising seasonal and zonation variations in 

rewilded salt marshes because it can easily be used to visualise these variations, seeing 

which seasons and zonation have the highest values and the possible variations. More 

research using multispectral satellite images is necessary to confirm the feasibility of 

inferring the spectral signature of plant species, especially in salt marshes. There is 

currently an insufficient number of studies in this area, and more investigation is needed 

for this type of analysis in these ecosystems. 
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5.3. Influence of sediment characteristics in the salt marsh spectral 

signature 

When analysing the results, the influence of OM in the spectral signature in the ROIs 

cannot be evaluated due to its low values (green bars in Figure 4.1 and Figure 4.2). 

However, the influence of the d50 and H2O% could be seen in the spectral signature, 

mainly their variations throughout the zonation of the salt marshes. The high marsh in 

both salt marshes had high d50 with low H2O%, while the low marsh had lower d50 and 

high H2O%, and these variations can be seen in the spectral signature (Figure 5.1 and 

Figure 5.2). A comparison of the two rewilded salt marshes reveals a significant 

difference in their reflectance patterns (Figure 5.1 and Figure 5.2). In the Bias rewilded 

salt marsh, the highest reflectance values predominantly originate from the low marsh, as 

indicated by the green lines in Figure 5.1. On the other hand, in the Olhão rewilded salt 

marsh, the medium marsh exhibits the highest reflectance values, represented by the blue 

lines in Figure 5.2. This distinctive behaviour can be attributed to the sediment 

composition of the medium marsh in Olhão, which is mainly sandy (a highly reflective 

surface), whereas in Bias, it remains vegetated. Also, the spectral signature shapes of the 

low marsh in Bias are consistently the highest, whereas in Olhão, they are the lowest. 

This observation underscores the influence of sediment characteristics on spectral 

signatures, showing that similar sediment types (in this case, mud) with variations in 

H2O%, OM and d50 will have different spectral signatures (Ben-Dor et al., 1999; Sharma 

et al., 2022; Stoner & Baumgardner, 1981; Streck et al., 2003; Viallefont-Robinet et al., 

2019). With this, future studies can use the satellite imagery from SuperDove to 

distinguish the sediment composition patterns in rewilded salt marshes. A rewilded salt 

marsh where the spectral signature has the highest values in the low marsh likely has 

dense vegetation with less content of sand, whereas a rewilded salt marsh where the 

medium marsh has the highest values likely has less dense vegetation with more sand. 

Dube et al. (2013) used field hyperspectral radiometry to create a graph with the 

spectral signature from intertidal sediment properties (Figure 5.3a). When comparing the 

results from Dube et al. (2013) (Figure 5.3a) with the results from this work (Figure 5.3b 

and Figure 5.3c), the spectral signatures have similar shapes, confirming that using 

SuperDove imagery, the spectral signature from the sediment in salt marshes can be 

correctly created. Using satellite data and focusing more on the sediment properties, 

Marchetti et al. (2022) used Sentinel-2 data to create the spectral signature of various 
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sediment classes. Converting the values from the current work, the d50 values ranged 

between 0.016 and 0.455mm, falling into the 0.1-0.5 mm class from the graph (Figure 

5.4a). When comparing the spectral signature shape in the visible spectra (from 443 to 

865) from the 0.1-0.5 mm class (Figure 5.4a) and the results from this work (Figure 5.4b 

and Figure 5.4c), the shape of the spectral signature from this work is much different, 

being lower than the one from Marchetti et al. (2022). This mainly occurred due to the 

influence of the H2O%. An increase in the H2O% can reduce the reflectance values, 

especially in the NIR (Streck et al., 2003). 
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Figure 5.1. Spectral signature from all the plots of the Bias rewilded salt marsh in a) spring, b) summer, c) autumn, and d) winter, for the high marsh, medium marsh, and low 

marsh. 
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Figure 5.2. Spectral signature from all the plots of the Olhão rewilded salt marsh in a) spring, b) summer, c) autumn, and d) winter, for the high marsh, medium marsh, and 

low marsh. 
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Figure 5.3. Spectral signatures a) derived from intertidal sediment properties by Dube et al. (2013), b) 

from the ground patch in Olhão and c) from the soil patch in Bias (Appendix D, Table D3). 

 

Figure 5.4. Spectral signatures a) of each sediment class by Marchetti et al. (2022), b) from the ground 

patch in Olhão and c) from the soil patch in Bias (Appendix D, Table D3). 
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5.4. The potential use of satellite remote sensing in rewilded salt 

marshes 

This study successfully achieved its objective of identifying the most effective method 

for analysing seasonal and zonation variations in rewilded salt marshes, with RF emerging 

as the classification technique with the best skill. The image classification methodology 

with the best skill (RF-AC-EA) was proven to be feasible for monitoring rewilded salt 

marshes since the classification images showed seasonal and zonation variations, had 

high accuracies and was a much cheaper and less extensive method for monitoring these 

areas. However, this work did not manage to find an accurate connection between the 

variations in the mixture of plant species and the variations in the spectral signature shape, 

only finding its general influence. The influence of the sediment characteristics in the 

spectral signature was also found, mainly its influence regarding the zonation.  

Being the first time that the SuperDove satellite images were used in rewilded salt 

marshes, the methodologies employed in this study proved effective in analysing and 

possibly used in monitoring rewilded salt marshes, having various advantages compared 

to other methods such as extensive fieldwork campaigns. First, RF classification images 

achieved images that could be used for a seasonal analysis of one year using less than 15 

fieldwork campaigns. With a lower number of fieldwork campaigns, management 

projects will have significant reductions in expenses and will allow for more time to be 

used in the handling and analysis of data. Also, the current study showed that using 

multispectral satellite imagery from SuperDove, the supervised imagery classification 

denoted satisfactory results with high accuracies and low errors. The usage of the 

multispectral satellite imagery from Planet had the advantage of being cheaper than 

hyperspectral satellite imagery (Malerba et al., 2023), reducing the costs of a possible 

management project. 

The results from this work have proven to be important in understanding how high-

resolution satellite imagery can be applied to monitor rewilded salt marshes. By analysing 

two different salt marshes, it proves that the Random Forest image classification method 

can be applied in different areas since the results from both ROIs were, in general, similar. 

Together with that, the results from the sediment characteristics can be used as a basis for 

future studies. A monitoring project can acquire valuable information about a rewilded 

salt marsh without the necessity to go to the field. If the zonation of the rewilded salt 

marsh is known, the spectral signatures can be acquired crossing the zonation and using 
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the results from this work, see the characteristics from the area: if the spectral signature 

has the low marsh with the highest reflectance values, then it must be an area with more 

water content, less sand, and more vegetation; and if the spectral signature has the low 

marsh with the lowest reflectance values, then it must be an area with less water content, 

more sand, and less vegetation. Knowing these characteristics will help management 

projects acquire data from an area without needing to go there, thus reducing cost and 

reducing the interference in the area. 

5.5. Limitations and future research 

 Regarding the limitations of this study, increasing the number of plots in each 

fieldwork campaign and replication over more years could have benefited the analysis. 

This would provide enough training samples for the imagery classification methods, 

possibly improving their quality even more. Another limitation of the study was the use 

of simpler equipment to create the plots. Using more sophisticated equipment to create 

the plots and more stable forms of acquiring the photos, such as an unmanned aerial 

vehicle (UAV), commonly known as a drone, would give more precise results and 

decrease the time of analysis, removing most or even completely, the editing of the 

photos. Also, an inter-annual analysis would have considerably improved the analysis of 

seasonal variations. Even though the SuperDove constellation of microsatellites from 

Planet has a wide range of spectral signature bands and high resolution, its data regarding 

the analyses of the spectral signature was insufficient. Using hyperspectral satellite 

images or field hyperspectral radiometers could have benefited the spectral analyses since 

the increased number of bands would give more precise results. Other studies confirm 

that analysing the spectral signature of plant species is best achieved by increasing the 

number of wavelength bands using hyperspectral data, more specifically, field 

hyperspectral radiometers (Awad, 2018; Carleer et al., 2005; Govender et al., 2008; 

Rajakumari et al., 2022; Warren et al., 2014). However, the downside of hyperspectral 

images is their cost since a hyperspectral mission can cost up to 250€/km2 (Malerba et 

al., 2023). 

 Future research in rewilded salt marshes should prioritise increasing the number 

of training samples for image classification methods and conducting a more 

comprehensive analysis of factors influencing the spectral signature. This would provide 

a more detailed understanding of the impact of plant species variety on the spectral 
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signature, facilitating the analysis of variations in rewilded salt marshes. Another 

challenge that future studies need to address is that the use of satellite imagery remains 

inaccessible to many individuals with fewer financial resources. Therefore, efforts should 

be made to develop user-friendly platforms, reduce costs, ensure compatibility with 

existing tools, and utilise cloud-based storage and processing to make high-quality 

satellite data more accessible, especially for underfunded conservation initiatives. 

 

6. Conclusions 
 

The first objective of this study was to assess the effectiveness of different imagery 

classification methods to produce maps of vegetation zonation and seasonal variations in 

rewilded salt marshes using high-resolution satellite imagery (3m) from the SuperDove 

constellation of satellites. Multiple imagery classification methods were employed to 

assess their effectiveness in mapping two rewilded salt marshes in the Ria Formosa 

lagoon in Portugal. In addition to these classifications, the study also examined the 

influence of the mixture of plant species and sediment characteristics on the satellite 

bands' spectral signatures. 

Unsupervised and supervised classification methods were applied in the ROIs, and 

Random Forest was chosen as the best image classification method when a composite of 

training samples was used during the classification process. This methodology 

demonstrated high accuracy in classifying the plant species identified during fieldwork 

within their respective zones. However, a seasonal analysis is not feasible when using a 

seasonal composite of data. The RF classifications using the entire area analyses yielded 

the best images for the seasonal analysis. The methods used in this work behaved 

similarly in the results from the two rewilded salt marshes, proving that their use is 

feasible and replicable in different rewilded salt marshes. Regarding the analysis of the 

spectral signature, the influence of the mixture of plant species was identified. However, 

specific patterns in the spectral signature shape in relation to the variations of plant 

species mixture were not found. The results obtained also denoted the influence of the 

sediment characteristics in the spectral signature. Locations with similar sediment classes 

had distinct spectral signatures due to the differences in the sediment characteristics, 

mainly d50, H2O%. In conclusion, more studies should analyse the influence of each plant 
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species on the spectral signature using multispectral satellite data, focusing on also 

analysing features such as the age, height, and chemical composition of the plant species, 

together with a more in-depth analysis of the influence of each sediment characteristic. 

The study suggests that increasing the number of training samples and acquiring more 

stable manners of acquiring the fieldwork data could enhance the accuracy of Random 

Forest classifications when using the SuperDove satellite data. With these improvements, 

relevant governmental agencies could use multispectral satellite imagery more 

effectively, using the methodologies from this work to analyse the rewilded marsh 

ecological succession (zonation) patterns and assess its seasonal variations, thereby 

contributing to more successful restoration and improved management projects.  

The thesis played an essential role in advancing future research by utilising 

SuperDove satellite imagery to find the methods with the best skill to analyse rewilded 

salt marshes. The SuperDove satellite constellation was also proven to be a great option 

for the analysis of rewilded salt marshes; its high resolution was proven to be enough to 

create highly accurate classification images. The analysis of the spectral signatures of 

various mixtures of plant species and sediment characteristics laid a foundation for more 

detailed and scalable environmental monitoring efforts. The approaches from this work 

established the groundwork for future studies to refine classification techniques, optimise 

spectral analysis, and apply these methods to a broader range of rewilded salt marshes 

worldwide. 
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Appendixes 
 

Appendix A: Maps of the evolution in time of the rewilded salt marshes 

 

Figure A1. Maps showing three different periods of the restored salt marsh in Bias, Olhão: a) in 2007, 

still being closed; b) in 2011, already opened; and c) in 2023, the latest image. (Google Earth PRO, 2023). 
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Figure A2. Maps showing three different periods of the restored salt marsh in Olhão: a) in 2015, still 

being closed; b) in 2017, already opened; and c) in 2023, the latest image. (Google Earth PRO, 2023). 
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Appendix B: Plant species encountered in the salt marshes 

Table B1. List of plant species encountered in Bias and Olhão in the fieldwork campaigns. 

Species Photos Elevation in 

relation to 

Mean Sea 

Level (cm) 

Flowering 

season 

Life cycle Salt marsh zonation Online sources 

 

 

 

Arthrocnemum 

macrostachyum* 

 

 

 

 

 

0 – 228 

 

 

 

 

April-September 

 

 

 

 

Perennial 

 

 

 

 

High and medium 

https://www.llifle.com/Encyclo

pedia/SUCCULENTS/Family/

Chenopodiaceae/34212/Arthro

cnemum_macrostachyum#:~:te

xt=Description%3A%20Arthro

cnemum%20macrostachyum%

20is%20a,ascending%2C%20s

ometimes%20rooting%20at%2

0base 

 

https://flora-

on.pt/?q=Arthrocnemum 

 

 

 

 

Atriplex 

halimus*** 

 

 

 

 

0 – 106 

 

 

 

August – October 

 

 

 

Perennial  

 

 

 

High 

https://landscapeplants.aub.edu

.lb/Plants/GetPDF/17b22b59-

5508-478b-ab6e-

ccd38d139bd8 

 

https://flora-

on.pt/?q=Atriplex+halimus 
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Asparagus albus** 

 

https://flora-on.pt/#/hDlTD 

 

 

 

 

0-125 

 

 

 

 

June - October 

 

 

 

 

Perennial 

 

 

 

Non-natural to salt 

marshes 

 

 

https://flora-

on.pt/?q=Asparagus+albus 

 

https://worldspecies.org/ntaxa/

1208905 

 

 

Caroxylon 

vermiculatum* 

(Salsola 

vermiculata) 

 

 

 

0 – 106 

 

April – June 

 

Mid-July – mid-

September 

October 

 

 

Perennial 

 

 

High 

 

 

 

https://www.cabidigitallibrary.

org/doi/10.1079/cabicompendi

um.48244 

 

 

Carpobrotus 

edulis*** 

 

 

 

 

0 - 66 

 

 

 

January - July 

 

 

 

Perennial 

 

 

 

Non-natural to salt 

marshes 

 

https://www.cabidigitallibrary.

org/doi/10.1079/cabicompendi

um.48244 

 

https://floraveg.eu/taxon/overv

iew/Carpobrotus%20edulis 
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Halimione 

portucaloides*** 

 

 

 

 

0 - 21 

 

 

 

April - September 

 

 

 

Perennial 

 

 

 

Low 

 

 

https://flora-

on.pt/?q=Halimione 

 

https://cantuesoseeds.com/en/s

hop/bulk-seeds/halimione-

portulacoides/ 

 

 

 

 

Juncus 

maritimus*** 

 

https://flora-on.pt/#/hrtzy 

 

 

 

0 - 141 

 

 

 

June – mid-July 

 

 

 

Perennial 

 

 

 

High  

 

 

https://flora-

on.pt/?q=Juncus+maritimus 

 

https://www.shootgardening.co

m/plants/juncus-maritimus 

 

 

 

Limoniastrum 

monopetalum* 

 

 

 

 

0 – 43 

 

 

 

March - 

September 

 

 

 

Perennial 

 

 

 

High - medium 

 

https://flora-

on.pt/?q=Limoniastrum 

 

https://floraveg.eu/taxon/overv

iew/Limoniastrum%20monope

talum 
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Oxalis pes-caprae* 

 

https://flora-on.pt/#/htACM 

 

 

 

0 - 92 

 

 

 

November - April 

 

 

 

Perennial 

 

 

 

Non-natural to salt 

marshes 

https://flora-

on.pt/?q=Oxalis+pes-caprae 

 

https://weeds.org.au/profiles/so

ursob-bermuda-

buttercup/#:~:text=What%20is

%20it%3F-

,Soursob%20(Oxalis%20pes-

caprae)%20is%20a%20small%

2C%20upright,markings%20o

n%20the%20upper%20surface 

 

https://invasoras.pt/en/invasive

-plant/oxalis-pes-caprae 

 

 

 

 

Salicornia 

ramosissima* 

 

 

 

 

0 - 18 

 

 

 

May - November 

 

 

 

Annual 

 

 

 

Low 

 

 

https://flora-

on.pt/?q=Salicornia 

 

http://almargem.org/biodiv/esp

ecie/salicornia-ramosissima/ 
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Sarcocornia 

perennis* 

 

 

 

 

0 - 20 

 

 

August - 

November 

 

 

 

Perennial 

 

 

 

Low 

 

https://flora-

on.pt/?q=Sarcocornia+perennis 

 

https://www.wildflowersofirela

nd.net/plant_detail.php?id_flo

wer=474&wildflower=Glassw

ort,%20Perennial 

 

 

 

 

Sonchus 

arvensis** 

 

https://identify.plantnet.org/pt-br/k-world-

flora/observations/1021163669 

 

 

 

 

0 - 2000 

 

 

 

 

March - October 

 

 

 

 

Perennial 

 

 

 

Non-natural to salt 

marshes 

 

 

 

https://identify.plantnet.org/pt/

k-world-

flora/species/Sonchus%20arve

nsis%20L./data 

 

https://www.worldfloraonline.o

rg/taxon/wfo-0000092611 

 

 

Spartina 

maritima* 

 

 

 

 

0 - 20 

 

May – Mid-June 

 

Mid-July - 

September 

 

 

Perennial 

 

 

Low 

 

https://flora-

on.pt/?q=Spartina+maritima 

 

https://www.gbif.org/species/5

290044~ 
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Suaeda 

Maritima*** 

 

 

https://jb.utad.pt/multimedia/24722#imagem-24722 

 

 

 

0 - 65 

 

 

 

July - September 

 

 

 

Annual 

 

 

 

Medium - High 

 

 

 

https://jb.utad.pt/especie/Suaed

a_maritima 

 

 

 

 

 

Suaeda vera* 

 

 

 

 

 

0 - 65 

 

 

March – July 

 

Mid-July – Mid-

August 

October 

 

 

 

Perennial 

 

 

 

High 

 

 

https://flora-

on.pt/?q=Suaeda+vera 

 

https://www.picturethisai.com/

wiki/Suaeda_vera.html 

*  Encountered in Bias and Olhão.    ** Encountered only in Bias.   *** Encountered only in Olhão
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Appendix C: Graphical analysis of image classification methods 

 

 

Figure C1.  Percentages of plant species classified using RF for a) RF-EA, b) RF-AC-EA, c) RF-PA, and 

d) RF-AC-PA in Bias. Each graph shows the values for all seasons analysed. 
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Figure C2.  Percentages of plant species classified using RF for a) RF-EA, b) RF-AC-EA, c) RF-PA, and 

d) RF-AC-PA in Olhão. Each graph shows the values for all seasons analysed. 
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Appendix D: Entire spectral signature of plots and patches 

Table D1. Spectral signature of plant species inside the plots in Bias. The wavelengths range from 443 nm (Blue) to 865 nm (Near-infrared). Together with the spectral signature, 

the percentages of plant species inside each plot for all seasons. The percentage of the plant species was calculated using the pixel where the spectral signature was extracted as the 

total area, using the contours of the plant species to calculate the percentage inside the pixel in QGIS. 

 

Plot Plant species and coverage percentage  Spectral signatures 

 

 

 

 

 

1 

 

spring 

 

Limoniastrum monopetalum (96.8%) 

 

 

Soil (3.72%) 

 

 

 

summer 

 

Artrochnemum macrostachys (8.71%) 

Limoniastrum monopetalum (25.64%) 

Soil* (5.65%) 

 

 

autumn 

 

Artrochnemum macrostachys (63.99%) 

Limoniastrum monopetalum (19.96%) 

Soil* (16.05%) 

 

 

winter 

Limoniastrum monopetalum (88.52%) 

Oxalis pes-caprae (11.48%) 
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2 

 

spring 

Artrochnemum macrostachys (22.65%) 

 

Limoniastrum monopetalum (44.42%) 

Soil* (32.93%) 

 

summer 

 

Limoniastrum monopetalum (100%) 

 

autumn 

 

Artrochnemum macrostachys (10.65%) 

Limoniastrum monopetalum (88.77%) 

Soil* (0.58%) 

 

 

winter 

 

Artrochnemum macrostachys (2.36%) 

Limoniastrum monopetalum (83.49%) 

Oxalis pes-caprae (14.15%) 

 

 

3 

 

spring 

 

Artrochnemum macrostachys (32.4%) 

 

Limoniastrum monopetalum (18.67%) 

Soil* (48.92%) 

summer  

Artrochnemum macrostachys (99.8%) 

Soil* (0.2%) 

autumn  

Artrochnemum macrostachys (97.99%) 

Soil* (2.01%) 

winter  

Artrochnemum macrostachys (34.04%) 

Limoniastrum monopetalum (8.45%) 

Oxalis pes-caprae (57.51%) 
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4 

 

spring 

 

Artrochnemum macrostachys (38.53%) 

 

Soil* (61.47%) 

 

summer 

 

Artrochnemum macrostachys (87.6%) 

Soil* (12.4%) 

 

 

autumn 

 

Artrochnemum macrostachys (68.52%) 

Soil* (31.48%) 

 

winter 

Artrochnemum macrostachys (7.93%) 

Limoniastrum monopetalum (66.41%) 

Oxalis pes-caprae (25.65%) 

 

 

5 

 

 

spring 

 

Artrochnemum macrostachys (7.63%) 

 

Caroxylon vermiculatum (40.74%) 

 

Soil* (51.63%) 

 

 

summer 

 

Artrochnemum macrostachys (12.6%) 

Limoniastrum monopetalum (3.1%) 

Caroxylon vermiculatum (5.4%) 

Soil* (78.9%) 

 

 

autumn 

 

Artrochnemum macrostachys (5.22%) 

Caroxylon vermiculatum (2.61%) 

Soil* (92.17%) 

winter Artrochnemum macrostachys (97.84%) 

Oxalis pes-caprae (2.16%) 
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6 

 

 

spring 

 

Artrochnemum macrostachys (3.89%) 

 

Caroxylon vermiculatum (20%) 

 

Soil* (76.11%) 

 

summer 

Limoniastrum monopetalum (17.61%) 

Caroxylon vermiculatum (0.66%) 

Soil* (81.74%) 

 

 

autumn 

Limoniastrum monopetalum (1.19%) 

Caroxylon vermiculatum (1.85%) 

Soil* (96.96%) 

 

winter 

Artrochnemum macrostachys (16.35%) 

Oxalis pes-caprae (83.65%) 

 

 

7 

 

spring 

Limoniastrum monopetalum (13.86%) 

 

Caroxylon vermiculatum (3.48%) 

Soil* (82.66%) 

summer Limoniastrum monopetalum (84.6%) 

Soil* (15.4%) 

autumn Limoniastrum monopetalum (76%) 

Soil* (24%) 

 

 

winter 

 

Artrochnemum macrostachys (2.37%) 

Caroxylon vermiculatum (2.06%) 

 

Oxalis pes-caprae (95.57%) 
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8 

spring Limoniastrum monopetalum (40.11%) 

 

Soil* (59.89%) 

 

summer 

Limoniastrum monopetalum (59.47%) 

Caroxylon vermiculatum (0.83%) 

Soil* (12%) 

Carpobrotus edilus (27.7%) 

 

autumn 

Limoniastrum monopetalum (83.89%) 

Caroxylon vermiculatum (0.63%) 

Soil* (11.62%) 

Carpobrotus edilus (3.86%) 

winter Caroxylon vermiculatum (0.37%) 

Oxalis pes-caprae (99.63%) 

 

 

9 

spring Limoniastrum monopetalum (20.93%) 

 

Soil* (44.46%) 

Carpobrotus edilus (34.61%) 

summer Limoniastrum monopetalum (46.65%) 

Caroxylon vermiculatum (4.11%) 

Soil* (40.49%) 

Carpobrotus edilus (8.75%) 

autumn Limoniastrum monopetalum (30.57%) 

Caroxylon vermiculatum (2.58%) 

Soil* (66.82%) 

Carpobrotus edilus (0.83%) 

winter Limoniastrum monopetalum (42.57%) 

Oxalis pes-caprae (57.43%) 
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10 

 

spring 

Limoniastrum monopetalum (46.4%) 

 

Soil* (53.39%) 

Carpobrotus edilus (0.21%) 

 

summer 

Limoniastrum monopetalum (65.52%) 

Caroxylon vermiculatum (18.73%) 

Soil* (15.75%) 

 

autumn 

Limoniastrum monopetalum (45.5%) 

Caroxylon vermiculatum (38.79%) 

Soil* (15.71%) 

 

 

winter 

Limoniastrum monopetalum (56.35%) 

Soil* (1.01%) 

Oxalis pes-caprae (42.63%) 

 

 

11 

spring Limoniastrum monopetalum (100%)  

 

 

summer 

Limoniastrum monopetalum (64.77%) 

Caroxylon vermiculatum (14.34%) 

Soil* (6.97%) 

Suaeda vera (13.92%) 

 

 

autumn 

 

Artrochnemum macrostachys (29.85%) 

Limoniastrum monopetalum (46.59%) 

Soil* (2.53%) 

Suaeda vera (21.03%) 

 

 

winter 

Limoniastrum monopetalum (38.25%) 

Caroxylon vermiculatum (0.56%) 

Soil* (23.57%) 

Oxalis pes-caprae (37.62%) 



 
 

94 
 

 

 

 

12 

 

spring 

Artrochnemum macrostachys (7.54%)  

 

 

Limoniastrum monopetalum (92.46%) 

 

 

 

summer 

 

Artrochnemum macrostachys (58.4%) 

Limoniastrum monopetalum (14.2%) 

Caroxylon vermiculatum (16.1%) 

Soil* (3.4%) 

Suaeda vera (2%) 

Dead Zostera noltii (5.9%) 

 

 

autumn 

 

Artrochnemum macrostachys (27.49%) 

Limoniastrum monopetalum (47.84%) 

Suaeda vera (15.15%) 

Dead Zostera noltii (9.53%) 

 

winter 

Limoniastrum monopetalum (64.91%) 

Caroxylon vermiculatum (11.46%) 

Soil* (15.62%) 

Oxalis pes-caprae (8.01%) 

 

 

13 

 

spring 

Limoniastrum monopetalum (45.57%) 

 

Soil* (10.55%) 

Suaeda vera (29.71%) 

Dead Zostera noltii (14.17%) 

 

 

 

summer 

Artrochnemum macrostachys (57%) 

Caroxylon vermiculatum (6.5%) 

Soil* (0.9%) 

Suaeda vera (8%) 

Sarcocornia perennis (0.8%) 

Dead Zostera noltii (26.8%) 

 

 

autumn 

Artrochnemum macrostachys (10.09%) 

Soil* (21.46%) 

Suaeda vera (14.86%) 

Dead Zostera noltii (53.59%) 
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winter 

Artrochnemum macrostachys (2.19%) 

Limoniastrum monopetalum (55.97%) 

Soil* (11.95%) 

Suaeda vera (29.89%) 

 

 

 

14 

 

 

spring 

Artrochnemum macrostachys (30.11%) 

 

Suaeda vera (26.66%) 

Sarcocornia perennis (0.14%) 

Dead Zostera noltii (43.09%) 

 

 

summer 

Artrochnemum macrostachys (40.4%) 

Soil* (1.6%) 

Sarcocornia perennis (42%) 

Halimione portucaloides (8.1%) 

Dead Zostera noltii (7.9%) 

 

 

autumn 

Artrochnemum macrostachys (9.87%) 

Soil* (33.61%) 

Suaeda vera (6.49%) 

Salicornia ramosissima (49.70%) 

Dead Zostera noltii (0.34%) 

 

 

winter 

Limoniastrum monopetalum (39.72%) 

Soil* (2.34%) 

Suaeda vera (36.63%) 

Halimione portucaloides (6.17%) 

Dead Zostera noltii (15.14%) 
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*Soil = General sediment           **Ground = Artificial walking paths or sand  

 

 

15 

 

 

spring 

Suaeda vera (12.42%) 

 

Sarcocornia perennis (4.49%) 

Halimione portucaloides (2.66%) 

Salicornia ramosissima (20.26%) 

Dead Zostera noltii (60.18%) 

 

summer 

Soil* (55.65%) 

Sarcocornia perennis (42.68%) 

Spartina maritima (1.67%) 

 

autumn 

Soil* (6.11%) 

Sarcocornia perennis (0.3%) 

Halimione portucaloides (3.16%) 

Salicornia ramosissima (90.43%) 

 

 

winter 

Soil* (1.35%) 

Suaeda vera (8.11%) 

Sarcocornia perennis (11.97%) 

Salicornia ramosissima (20.76%) 

Dead Zostera noltii (57.81%) 
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Table D2. Spectral signature of plant species inside the plots in Olhão. The wavelengths range from 443 nm (Blue) to 865 nm (Near-infrared). Together with the spectral signature, 

the percentages of plant species inside each plot for all seasons. The percentage of the plant species was calculated using the pixel where the spectral signature was extracted as the 

total area, using the contours of the plant species to calculate the percentage inside the pixel in QGIS. 

Plot Plant species  Spectral signatures 

 

 

 

 

 

 

1 

 

spring 

Limoniastrum monopetalum (17.45%)  

 

Atriplex halimus (71.36%) 

Ground** (11.19%) 

 

summer 

Limoniastrum monopetalum (36.03%) 

Atriplex halimus (36.31%) 

Ground** (27.66%) 

 

autumn 

Limoniastrum monopetalum (19.97%) 

Caroxylon vermiculatum (0.49%) 

Atriplex halimus (79.54%) 

 

winter 

Limoniastrum monopetalum (11.37%) 

Ground** (5.62%) 

Atriplex halimus (28.78%) 

Oxalis pes-caprae (54.23%) 
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2 

 

spring 

Limoniastrum monopetalum (42.15%) 

 

Atriplex halimus (19.98%) 

Dead Zostera noltii (14.01%) 

Ground** (23.87%) 

 

summer 

Limoniastrum monopetalum (42.15%) 

Dead Zostera noltii (14.01%) 

Ground** (23.87%) 

 

 

autumn 

Limoniastrum monopetalum (51.26%) 

Atriplex halimus (19.98%) 

Dead Zostera noltii (35.88%) 

Ground** (0.1%) 

 

winter 

Limoniastrum monopetalum (48.51%) 

Soil* (2.67%) 

Ground** (19.55%) 

Atriplex halimus (18.59%) 

Dead Zostera noltii (10.68%) 

 

 

3 

 

spring 

Dead Zostera noltii (66.56%) 

 

Ground** (33.44%) 

 

summer 

Sarcocornia perennis (15.49%) 

Salicornia ramosissima (0.43%) 

Dead Zostera noltii (75.21%) 

Ground** (8.87%) 

 

autumn 

 

Dead Zostera noltii (42.06%) 

Ground** (57.94%) 

 

winter 

Dead Zostera noltii (77.45%) 

Ground** (22.55%) 
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4 

 

 

spring 

 

Sarcocornia perennis (19.15%) 

 

Dead Zostera noltii (1.01%) 

Ground** (79.83%) 

 

summer 

Ground** (33.20 %) 

Sarcocornia perennis (30.52 %) 

Salicornia ramosissima (2.27 %) 

Soil* (34.01 %) 

 

autumn 

Sarcocornia perennis (42.52%) 

Salicornia ramosissima (32.14%) 

Dead Zostera noltii (24.88%) 

Ground**  (0.46%) 

 

winter 

Sarcocornia perennis (18.52%) 

Dead Zostera noltii (0.7%) 

Ground**  (80.78%) 

 

 

5 

´ 

spring 

Sarcocornia perennis (26.29%) 

 

Salicornia ramosissima (4.43%) 

Ground** (0.54%) 

Spartina maritima (68.74%) 

 

 

summer 

Sarcocornia perennis (29.46%) 

Salicornia ramosissima (8.29%) 

Spartina maritima (31.62%) 

Soil* (8.47%) 

Ground** (22.15%) 

 

autumn 

Sarcocornia perennis (75.78%) 

Salicornia ramosissima (24.22%) 

Spartina maritima (78.79%) 

 

winter 

Soil* (31.07%) 

Sarcocornia perennis (18%) 

Spartina maritima (50.93%) 
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*Soil = General sediment           **Ground = Artificial walking paths or sand

 

 

6 

 

spring 

Ground** (1.96%)  

 

 

Sarcocornia perennis (9.93%) 

Spartina maritima (74.38%) 

Soil* (13.73%) 

 

summer 

Ground** (5.68%) 

Sarcocornia perennis (13.15%) 

Spartina maritima (51.18%) 

Soil* (29.99%) 

 

autumn 

Sarcocornia perennis (52.66%) 

Salicornia ramosissima (4.17%) 

Ground** (43.17%) 

Spartina maritima (4.38%) 

 

winter 

Soil* (27.51%) 

Ground** (4.15%) 

Sarcocornia perennis (5.88%) 

Spartina maritima (62.47%) 



 
 

101 
 

 

Table D3. Spectral signature of plant species patches and other features from the salt marsh in both ROIs. The wavelengths range from 443 nm (Blue) to 865 nm (Near-

infrared). Together with the spectral signature, photos from each plant species taken in the fieldwork are also shown as a reference. 

Species Photo Spectral signature 

 

 

 

Limoniastrum 

monopetalum 

 

 

 

 

 

Caroxylon 

vermiculatum 
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Artrochnemum 

macrostachys  

 

 
 

 

 

 

Carpobrotus 

edilus  
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Suaeda vera 

 

 

 

 

 

Dead Zostera 

noltii  
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Soil* 

 

 

 

 

 

 

Sarcocornia 

perennis  
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Spartina 

maritima 

 
 

 

 

 

 

Halimione 

portucaloides  
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Ground**  

 

 

 

 

 

 

 

Atriplex halimus 
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Salicornia 

ramosissima 

 
 

 


