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1.    Introduction 
1.1   Seagrasses are a key coastal ecosystem 
Seagrasses (Fig.1) are marine angiosperms that colonize shallow, well-lit coastal 
environments across tropical and temperate regions in the world. They form structural 
complex benthic meadows composed of different species such as Thalassodendron 
ciliatum, Thalassia hemprichii, Cymodocea serrulata, Halodule uninervis, Halophila 
ovalis and Zostera noltei (Nordlund et al., 2018; Unsworth et al., 2019). Their root-rhizome 
system and vascular tissues allow for efficient nutrient transport, strong anchorage in 
sediments and resilience to hydrodynamic constraints. These characteristics allow 
seagrasses to act as ecosystem engineers, modifying sediment dynamics, light 
availability and local hydrodynamics (Orth et al., 2006). 

Seagrass ecosystems support ecological processes. Their dense canopies improve 
water clarity by reducing turbidity, encouraging sediment deposition and attenuating 
wave energy. By shaping local hydrodynamic conditions and stabilizing sediments, 
seagrass meadows help maintain stable coastal environments and support  adjacent 
ecosystems such as coral reefs and mangroves. From a biological point of view, seagrass 
meadows provide key habitat, nursery areas and foraging grounds for a wide variety of 
taxa, including reef fish, crustaceans, echinoderms and megafauna such as green turtles 
and dugongs (Nordlund et al., 2018; Unsworth et al., 2019). These functions explain why 
seagrass ecosystems are often referred to as the pillar of coastal productivity in tropical 
regions. 

Figure  1 - Coastal waters with a tropical seagrass meadow made up of Thalassia and Cymodocea. In addition to improving 

water clarity and providing habitat for a variety of marine life, seagrass canopies also trap sediments.                                          

Photo: NOAA (public domain). Photographer: Heather Dine 
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Seagrasses are classified as "Blue carbon ecosystems" because of their major 
contribution to carbon sequestration and storage. Despite covering <0.5% of the 
seafloor, their high primary productivity and capacity to trap organic matter in anoxic 
sediments result in significantly high carbon burial rates (Duarte et al., 2005; Fourqurean 
et al., 2012). According to a number of studies, their capacity to store carbon, over 
decadal to millennial timescales, can surpass many terrestrial forests (Macreadie et al., 
2021). This capacity is especially relevant for small island developing states (SIDS), such 
as the Seychelles, where terrestrial carbon sinks are limited. These coastal ecosystems 
therefore contribute strongly to SIDS’ carbon budgets (Macreadie et al., 2021). 
 
The UNEP/GRID-Arendal map (Fig.2) provides a global view of seagrass distribution, 
showing that seagrass meadows can be found all over the world. This global presence 
highlights their ecological importance and their contribution to coastal functioning on all 
continents. However, the map also shows clear differences in data coverage between 
regions. Some areas, particularly in the Western Indian Ocean (WIO), show fewer and 
more scattered seagrass records compared to other parts of the world, indicating that  
these regions are less well-documented. These gaps suggest historical limitations in field 
observations and the challenge of regularly monitoring underwater vegetation in areas 
with little or scarce datasets (GRID-Arendal, 2020). 

 
  

Figure  2 - Global distribution of known seagrass meadows and species richness across bioregions.                                                      
The map  highlights globally uneven reporting, with sizable data gaps in the Western Indian Ocean, including Seychelles.                            
Source: UNEP/GRID-Arendal (CC-BY-NC-SA 3) Cartographer: Hisham Ashkar https://www.grida.no/resources/13590 

https://www.grida.no/resources/13590
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1.2   Global decline of seagrass ecosystems 
Despite their ecological importance and global distribution, seagrass ecosystems have 
experienced massive decline over the past century. Recent global studies merging 
historical records and spatial data reveal different regional trajectories, with an overall 
decrease in seagrass extent observed in most oceans (Fig.3) (Duarte et al., 2025). 

 
Seagrass meadows are threatened by both anthropogenic and climate-related 
pressures. Although earlier global estimates suggesting losses of ~7% per year (Waycott 
et al., 2009), recent global studies show that current seagrass decline rates average ~3% 
annually, with a high local variability that can exceed ~7% (Cavanaugh et al., 2025; IPBES, 
2019; Unsworth et al., 2019).  
 
Accordingly, it has been estimated that the cumulative loss of seagrass area worldwide 
since the 1990s has been ~50% (Duarte et al., 2005; Waycott et al., 2009). More recent 
multi-decadal studies reported canopy thinning, fragmentation and shifts in species 
composition, particularly in regions where the quality of the water is continuously 
declining (Cingano et al., 2024; R.-R. Li et al., 2003).   

Figure 3 - Seagrass’ global distribution and temporal trends . (a) A global map showing the seagrass meadows' spatial 
distribution across the main oceanic regions. (b) Long-term trends in the mean area of seagrass meadows compared to 
their initial extent for various biogeographic regions, highlighting both regional variation and a general decrease in 
seagrass extent over time. Source: Duarte et al. (2025). 
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1.3   Seagrasses in the Seychelles 
Seychelles is an archipelago of 115 islands located in the WIO, northeast of Madagascar 
(Fig.4). As a typical SIDS, the country is characterized by a very large Exclusive Economic 
Zone (EEZ) relative to its land area, making coastal and marine ecosystems particularly 
important at the national scale. Its position on the Seychelles Plateau, a shallow 
submarine bank extending over 40,000 km², creates large areas of suitable habitat for 
seagrass development. The archipelago’s combination of warm tropical waters, stable 
light conditions and large shallow lagoons provides favorable conditions for the 
formation of diverse seagrass communities (Nordlund et al., 2018; Palacios et al., 2021). 

In this context, the Seychelles are home to some of the region's largest seagrass 
meadows. Recent national-scale mapping using Norway’s International Climate and 
Forest Initiative (NICFI) PlanetScope and Sentinel-2 (S2) imagery (C. B. Lee et al., 2023) 
revealed large, continuous beds distributed across the plateau, especially around the 
inner granitic islands (Fig.5). The resulting wall-to-wall map shows that seagrass cover in 
the Seychelles EEZ is considerably larger than previously reported and highlights the 
ecological importance of these habitats.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4 - Location of the Seychelles EEZ (red) within the Western Indian Ocean. The country is situated on the Seychelles 
Plateau, a large shallow submarine bank that provides extensive areas of suitable habitat for seagrass development . 
Adapted from (Palacios et al., 2021) 

Figure 5 - Distribution of seagrass meadows (Smith et al. 2020, UNEP-WCMC and Short) in the tropical WIO region and 
Seychelles’ EEZ (red)(Global Mangrove Watch, reference year: 2016; Bunting et al. 2018). Adapted from (Palacios et al., 2021) 
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In addition to their ecological roles, seagrasses are getting more acknowledged for their 
importance in national climate strategies. The Seychelles Blue Carbon Roadmap 
(Rowlands et al., 2024) states that seagrass ecosystems store over 95% of the nation's 
total blue carbon stock. Their big spatial extent and capacity to trap and accumulate 
organic carbon in sediments over long time periods explain their strong contribution to 
national carbon stocks (Macreadie et al., 2021).  
 
As a result, seagrass conservation is now closely linked to Seychelles’ commitments to 
climate mitigation, marine spatial planning and biodiversity conservation. 
 

1.4   National framework supporting seagrass monitoring in Seychelles 
Seychelles has established a number of national frameworks that offer robust 
institutional support for monitoring marine habitats, including the seagrass ecosystems. 
According to Bennett et al. (2024) and the Seychelles Conservation and Climate 
Adaptation Trust (SeyCCAT) and the Ministry of Agriculture, Climate Change and 
Environment (MACCE), these frameworks encourage the development of long-term, 
spatially explicit analyses, which are becoming mandatory for effective marine 
management. 
 
A key component of this landscape is the Seychelles Marine Spatial Plan (MSP), the first 
comprehensive MSP in the WIO. The plan organizes the country’s 1.37 million km² EEZ 
into a system of spatially designated zones in order to balance biodiversity conservation, 
sustainable resource use and economic activity (MSPglobal, 2021; Seychelles MSP, 
2020). The spatial organization of the MSP provides a national framework within which 
coastal and marine habitats, including seagrass meadows, can be monitored and 
managed in a spatially explicit way (Fig.6). 
 
In parallel with the MSP, Seychelles has made significant commitments to marine 
conservation. In 2020, Seychelles achieved a major milestone by protecting 30% of its 
EEZ as marine protected areas, reaching a national biodiversity target related to the MSP 
and the earlier debt-for-nature swap (The Nature Conservancy, 2018; Republic of 
Seychelles, 2020b). These protected areas include large offshore regions and a number 
of nearshore zones where ecological important habitats like coral reefs and seagrass 
meadows are taken into account in conservation planning.  
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Beyond spatial planning and conservation targets, Seychelles has also played a 
pioneering role in linking marine conservation to innovative blue-finance and blue-
economy initiatives. The 2018 sovereign Blue Bond, developed with support from the 
World Bank, raised $15 million USD to fund sustainable fishing and marine conservation 
(March et al., 2024; World Bank, 2018). In parallel, the 2016 debt-for-nature deal 
redirected part of the national debt service toward marine conservation and allowed the 
creation of the Seychelles Conservation and Climate Adaptation Trust (Republic of 
Seychelles, 2020b; SeyCCAT, 2024). These financial processes funds national efforts to 
increase marine data, monitoring capacity and enhance nature-based solutions (Baker 
et al., 2023). 
 
Along with these policy developments, several national institutions contribute directly to 
coastal and marine monitoring. The University of Seychelles, the Seychelles Parks and 
Gardens Authority and the Seychelles Fishing Authority collaborate with international 
partners on habitat mapping, biodiversity assessments and coastal monitoring programs 
(Bennett et al., 2024; SeyCCAT, 2024). The nation's growing capacity to 
conduct ecological assessments is shown by recent national projects that focused on 
mapping seagrass and classifying habitats (C. B. Lee et al., 2023; Palacios et al., 2021).  

Figure 6 - Zoning of the Seychelles MSP showing the composition of conservation and sustainable-use areas across the 
1.37 million km² Exclusive Economic Zone. The MSP enabled Seychelles to achieve its 2020 milestone of designating 30% 
of the EEZ as protected waters. Map adapted from (Seychelles MSP, 2020), prepared 2 May 2025. 
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1.5   Seagrass change at Anse-aux-Pins (Mahé) 
The Anse-aux-Pins lagoon, located on the eastern coast of Mahé (Fig.7), is a typical 
shallow-water environment of the Seychelles. It forms a long, very shallow bay protected 
by an offshore reef, where water depth over the lagoon platform is often low enough to 
walk close to the reef edge at low tide (SeyVillas, 2025). Its location and 
geomorphological features make it representative of many nearshore habitats across the 
archipelago. Its sandy substrate and shallow platform make it ideal for the growth of vast 
seagrass meadows (Palacios et al., 2021).  

 
In addition, the Anse-aux-Pins Shell Reserve (Fig. 7), a local marine reserve covering 
about 3.3 km² was created to preserve coastal habitats and promote sustainable 
resource use (Republic of Seychelles, 2020a). Although the reserve was first created to 
protect shellfish, it now includes shallow benthic zones and incorporate the lagoon into 
Seychelles' larger conservation strategy. Recent national-scale mapping using NICFI 
PlanetScope mosaics and S2 imagery (C. B. Lee et al., 2023) confirms that the lagoon 
hosts large, continuous seagrass meadows. 
 

Figure  7 - Location of the Anse-aux-Pins lagoon (orange) on the east coast of Mahé, Seychelles.  The site is in the shallow 
Seychelles Plateau and represents a typical lagoon setting of the inner islands. 
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Figure 8 - Conceptual diagram of major coastal ecosystems and their exposure to climate-change stressors.  
The diagram shows the spatial organization of several coastal habitats including salt marshes, mangroves, seagrasses,  
macroalgae and coral reefs and summarizes the main stressors affecting all of them (warming, sea-level rise, acidification, 
freshwater inputs and changes in ocean circulation). Adapted from (Guild et al., 2025) 

From a scientific view, Anse-aux-Pins can be considered a lab site to analyze seagrass 
dynamics. Its partial-enclosed design makes it sensitive to changes in nearshore 
pressures, sediment inputs and water clarity which are known to affect seagrass health 
in small-island coastal systems (Ingram et al., 2001; Unsworth et al., 2019). At the same 
time, the lagoon’s shallow depth improves the visibility of benthic features in medium 
and high-resolution optical satellite imagery, making the lagoon well-suited for remote-
sensing analysis (C. B. Lee et al., 2023).  
 
The motivation to look at long-term trends is also further backed by observations made 
by local experts, who state that the seagrass cover at Anse-aux-Pins has changed over 
time. This proves that the site is interesting for assessing long-term seagrass change. 
 

1.6   Long-term monitoring of coastal marine ecosystems 
Long-term monitoring is essential to understand how coastal ecosystems respond to 
environmental change. Coastal systems such as coral reefs, mangroves, salt marshes, 
macroalgae and seagrass meadows face similar climatic and anthropogenic stressors 
which include warming, sea-level rise, extreme weather events and water-quality 
changes. These shared pressures highlight  the relevance of long-term observations 
across coastal habitats and underline the transferability of monitoring methods between 
systems (Fig. 8) (Guild et al., 2025). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Peugeot Mattis  Introduction 

UCLouvain – Master Thesis  9 

Historically, one of the systems that has been tracked the most is coral reefs.  Multi-
decadal field observations and satellite archives have revealed general decreases in 
coral cover and an increase in bleaching frequency linked to marine heatwaves (Hughes 
et al., 2018). These long-term datasets show how chronic pressures, including warming 
and water-quality degradation, interact with episodic disturbances to influence reef 
resilience. The example of the coral reef shows how an accurate base for identifying 
structural and functional change can be obtained by combining repeated ecological 
observations with continual imaging. 
 

Mangrove forests also benefit from long-term monitoring because of their distinct signal 
in optical imagery. Global estimates of biomass loss, recovery and changes have been 
produced using multi-decadal Landsat analyses (Friess et al., 2019). With recent 
measurements quantifying national carbon stocks and their variability, long-term studies 
are becoming more and more important for blue-carbon accounting in SIDS like the 
Seychelles (Wartman et al., 2025). These examples show how continuous time series 
support both ecological bases and national climate commitments. 
 

Another analogy for seagrass monitoring is kelp forests. Medium-resolution satellites can 
detect their canopies, which allows time series to record large-scale variations and 
declines linked to ecological instability and marine heatwaves.  According to Cavanaugh 
et al. (2025), kelp and seagrass ecosystems are sensitive to changes in turbidity, warming 
and nutrients. They also point out that multi-sensor time series, machine-learning 
classifiers and automated detection pipelines must all be integrated into modern 
monitoring. Seagrass research can benefit from the authors' claim that "decadal-scale 
remote sensing datasets are now needed for analyzing coastal ecosystem trends". 
 

Salt-marsh monitoring is also another example of how multi-sensor integration improves 
long-term ecosystem assessment. For instance, (Agate et al., 2024) used Landsat time 
series and machine learning to quantify changes in salt-marsh width and coastal 
protection services. Although applied to salt marshes, such methodologies are 
conceptually transferable and could be adapted to seagrass ecosystems. 
 

These methods show parallels for seagrasses, which can show both gradual and abrupt 
reactions to environmental pressures such as changes in temperature, turbidity, 
eutrophication and hydrodynamic conditions. Recent long-term studies show that 
satellite archives can be used to reconstruct multi-decadal trends. For instance, Cingano 
et al. (2024) mapped 20 years of species-level change in an Italian lagoon and Sebastian 
et al. (2023) used Google Earth Engine to analyze 17 years of decline in Lakshadweep. 
Together, they show that long-term optical satellite data, combined with modern 
analytical tools, provide a strong basis to evaluate long-term seagrass change. 
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Figure 9 - Regional seagrass classification for the Mahé Plateau. Panels A-D show detailed classifications for Praslin, La 
Digue, Mahé and Ste. Anne/Cerf/Long, while panel E situates these sites within the broader plateau. The maps illustrate 
the ability of multi-temporal satellite datasets to detect continuous and fragmented shallow-water vegetation across 
island and lagoon systems. Adapted from (Rowlands et al., 2024). 

1.7   Remote sensing of seagrasses 
Because seagrass meadows are found in shallow, dynamic coastal environments, 
satellite imagery offers an affordable way to map their extent, observe spatial shifts and 
evaluate long-term ecological trends (Klemas, 2011). Over the past decade, 
technological advancements in sensor capabilities, atmospheric  correction and 
analytical methods have increased the potential of optical imagery for monitoring 
seagrass habitats (Liang et al., 2023; McKenzie et al., 2022). 
 
Among the available platforms, Sentinel-2  has become a key sensor for seagrass remote 
sensing due to its 10-20 m spatial resolution, multispectral resolution and frequent revisit 
time. These characteristics makes S2 suitable for the detection of subtropical and 
tropical meadows in clear or slightly turbid waters. Many studies have demonstrated that 
S2 can differentiate seagrass from sandy substrates, macroalgae or unvegetated lagoon 
floors (Y. Li et al., 2023; Widya et al., 2023; Zoffoli et al., 2020). 
 
In Seychelles, C. B. Lee et al. (2023) produced one of the best regional mapping efforts to 
date, by combining S2 and NICFI data to identify meadows across the inner Seychelles 
islands. Their classification based on medium-resolution imagery can capture both 
continuous and fragmented beds across island settings, improving national initial data 
for coastal ecosystem management. (Fig.9) 
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In addition to determining the current extent, remote sensing simplifies the analysis of 
long-term seagrass dynamics. Using multi-year satellite archives, researchers are able 
to identify gradual ecological change, including meadow contraction, fragmentation, 
recolonization and species change. Time-series techniques improve consistency by 
taking advantage of the temporal redundancy of Landsat and Sentinel missions because 
individual scenes are frequently impacted by cloud cover, turbidity, or tidal variabi lity 
(Cingano et al., 2024; Hill et al., 2024; Sebastian et al., 2023). In European lagoons, 
Cingano et al. (2024) reconstructed multi-decadal trends of species-level distribution 
and found declines in Cymodocea nodosa and Zostera noltei linked to environmental 
degradation. (Fig.10) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The accuracy of seagrass mapping has also increased thanks to developments in 
machine-learning techniques. Random Forests, Support Vector Machines and gradient-
boosting classifiers have proven to perform well in complex coastal environments where 
traditional thresholding methods fail to differentiate seagrass from spectrally similar 
environments (Amone-Mabuto et al., 2024; Mastrantonis et al., 2024; Widya et al., 2023). 

Figure 10 - Multi-decadal evolution of seagrass distribution and species composition. (a) Annual presence-absence maps 
from 1999 to 2019 obtained from Landsat imagery, showing spatial decrease and fragmentation of lagoonal meadows. 
(b) Long-term changes in dominant species (Cymodocea nodosa, Nanozostera noltei, Zostera marina) showing shifts in 
community composition over two decades. These time-series products demonstrate the ability of satellite archives to 
reveal gradual ecological change at scales difficult to traditional monitoring. Adapted from( Cingano et al., 2024). 
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Integrated workflows that combine medium and high-resolution sensors can further 
improve detection of small patches and heterogeneous meadows (Hill et al., 2024; 
McKenzie et al., 2022). These advancements are part of a larger trend in aquatic remote 
sensing toward data-driven methods and multi-sensor fusion. 
 

1.8   Revealing the knowledge gap 
Despite recent advances in seagrass remote sensing,  important gaps remain in the 
temporal monitoring of tropical seagrass ecosystems, especially in tropical SIDS. Global 
studies apply more and more multi-sensor datasets, machine-learning classifiers and 
archives to map and monitor coastal vegetation over time (Klemas, 2011; Liang et al., 
2023; McKenzie et al., 2022). However, the WIO remains less documented than many 
other regions, even though seagrass meadows have high ecological, carbon and 
management significance there (Palacios et al., 2021; UNEP, 2020). 
 
In Seychelles, a recent national mapping  improved  knowledge of seagrass distribution 
and confirmed the large extent of these ecosystems within the EEZ (C. B. Lee et al., 2023; 
Rowlands, 2024). But this product is a reference map. It does not explain the variation in 
seagrass extent through time, whether shallow lagoon meadows have seasonal cycles, 
or whether change affect persistent cores, variable margins, recovery zones or potential 
loss areas. This temporal dimension is important as seagrass meadows are dynamic 
ecosystems and single maps don’t capture seasonality, interannual variability or spatial 
reorganization. A major gap is therefore the absence of a consistent workflow capable of 
reconstructing seagrass extent through time, under similar processing conditions. For 
this purpose, Sentinel-2 is well suited because it provides frequent, open-access imagery 
adapted to repeated monitoring of shallow coastal environments (Drusch et al., 2012; 
Zoffoli et al., 2020). However, mapping of tropical lagoons remains challenging, as 
seagrass detection is affected by water depth, turbidity, sunglint, bright sand, reef 
substrates, mixed pixels and seasonal optical variability (A. G. Dekker et al., 2011; Hedley 
et al., 2018; Zoffoli et al., 2020). Within this gap, Anse-aux-Pins is an appropriate site for 
development given the reference information available and it being a shallow reef-lagoon 
environment relevant to Seychelles coastal monitoring (C. B. Lee et al., 2023; Rowlands, 
2024). It can therefore be used as a development site to train and evaluate a Sentinel-2 
classification workflow and to reconstruct multi-year patterns of mapped seagrass 
extent. The knowledge gap that still exists is not just the lack of seagrass maps in 
Seychelles, but the lack of an operational link between mapping, time-series analysis and 
future scaling. Bridging this gap will aid in determining whether Sentinel-2 can provide 
accurate signals of seagrass extent over time and support broader monitoring 
perspectives for Seychelles seagrass meadows (Cingano et al., 2024; C. B. Lee et al., 
2023; Rowlands, 2024).
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2.   Objectives and research question 
Following the knowledge gaps mentioned in Section 1.8, this thesis seeks to fill the 
absence of Sentinel-2 based time-series workflow for monitoring and mapping seagrass 
in Seychelles shallow lagoons. While recent national mapping improved knowledge of 
seagrass distribution, no study has yet developed a reproducible approach able to 
reconstruct temporal patterns under comparable processing conditions for Seychelles.   
 
The aim of this thesis is thus to develop a Sentinel-2 workflow for mapping seagrass, 
construct and analyze multi-year time series at a reference lagoon site and assess the 
scalability for broader application across Seychelles. 
 
To achieve this goal, this thesis pursues three complementary objectives: 

• Develop and evaluate a Sentinel-2 classification pipeline for mapping the extent 
of seagrass in shallow Seychelles lagoons. 

• Derive Sentinel-2 time series for 2016-2026 and assess seasonal and interannual 
patterns of seagrass extent. 

• Assess the potential scalability of the workflow to other secondary Seychelles 
lagoon sites and highlight the main requirements for wider applications. 

 
Together, these objectives structure the analytical framework of this thesis and give the 
basis needed to answer the main research question: 
 
“Can a Sentinel-2 pipeline be developed to map, monitor and analyze seagrass extent 
through time for Anse-aux-Pins and what are the main requirements toward broader 
application across the Seychelles EEZ?” 
 
The analysis will then be guided by a set of secondary questions: 

▪ What are the long-term (decadal) and short-term (seasonal) components of 
mapped seagrass extent variability? 

▪ What are the spatial dynamics of mapped seagrass extent including persistent 
areas, seasonal margins and potential recovery or loss zones? 

▪ How could the workflow developed for Anse-aux-Pins be applied to secondary 
lagoon sites in Seychelles and what does it say about broader scaling perspective? 

 
These questions structure the methodological developments in the next section. 
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3.   Materials & methods 
This chapter presents the methodological pipeline (Fig. 11) that was developed and 
implemented in Python to map and analyze the extent of seagrass meadows in the Anse-
aux-Pins lagoon. The workflow follows a specific order, from data download to multi-
temporal analysis. The main Python libraries used in the processing, classification and 
analysis workflow are listed in Appendix A. 
(Gillies, S., 2013; Harris et al., 2020; McKinney, 2010) 
Each step is built on the previous one. The preprocessing make sure that remote sensing 
reflectance values are physically relevant. Then, the feature extraction transforms 
reflectance data into variables suitable to discriminate benthic classes. Finally, the 
classification produces seagrass maps, which are then aggregated to analyze inter-
annual changes. In this section, each stage of the algorithm will be detailed.  
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Figure 11 - Schematic representation of the methodological pipeline used for seagrass mapping. Sentinel-2 images are 
corrected for atmosphere and sunglint with ACOLITE, masked (cloud, land, deep water) and transformed into  features. 
A classifier is trained with the reference map and then seagrass maps are generated, which are monthly/annually 
aggregated  for timelines, inter-annual comparison and change detection. 
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3.1   Study sites 
This study focuses on five shallow seagrass systems (Tab. 1) located around the inner 
granitic islands of Seychelles. The sites were selected because they host seagrass 
meadows that differ in lagoon morphology, exposure, bottom type and dominant 
seagrass assemblages. Anse-aux-Pins, on Mahé, was used as the primary site for model 
training, validation and temporal analysis. Four additional sites, Côte d’ r,  rande Anse, 
Sainte Anne and Baie Sainte Anne, were used as secondary application sites to assess 
the transferability of the model. 
 
All the study areas were defined by areas of interest (AOIs) in geographic coordinate 
system (GCS). These AOIs are the spatial extent forced from the Sentinel-2 scenes before 
masking and classification. Fixed AOIs guaranteed consistency in space between 
acquisition dates and allowed the same processing workflow to be applied to all the sites. 
 

3.1.1 Primary site: Anse-aux-Pins, Mahé 
The Anse-aux-Pins lagoon (Fig. 12) is located on the east coast of Mahé Island. It forms a 
shallow lagoon partly enclosed by reef structures, which shield the area from direct 
oceanic exposure and provide suitable conditions for seagrass development. The lagoon 
is a mixture of seagrass, sand, reef substrat and also contains deeper water and thus is 
representative of the optical complexity of shallow tropical coastal systems. 
 

Figure 12 - Sentinel-2 true-color images 2025-06-27 of Mahé and zoom on the Anse-aux-Pins lagoon on Mahé Island.   
The primary area of interest used for training/validation is indicated by the polygon (yellow). 
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This site was selected as the primary study area because a seagrass reference map was 
available for Anse-aux-Pins. The reported seagrass assemblage includes Thalassia, 
Oceana, Cymodocea, Halodule and Syringodium (Rowlands, 2024). In this thesis, Anse-
aux-Pins was used to develop the classification pipeline, evaluate model performance 
against the reference map and analyze temporal changes in mapped seagrass extent . 
 
The AOI is defined by a bounding box in the World Geodetic System 1984 (WGS84) GCS, 
with longitude going from 55.5115 ° E to 55.5414 ° E and latitude going from −4.7332 ° to 
−4.6819 °. This box is the maximum spatial area of the AOI considered for seagrass 
mapping, within which the lagoon and all the seagrass meadows are located. 
 

3.1.2 Secondary application sites 
Four secondary sites (Fig. 13) were selected to test whether the model trained at Anse-
aux-Pins could be applied to other seagrass systems in the same regional context.  AOIs’ 
bounding boxes in the WGS84 GCS (Appendix B). Two sites are located on Praslin: Côte 
d’ r and  rande Anse. Côte d’ r is a shallow lagoon with mixed seagrass assemblages, 
including Thalassia, Oceana, Cymodocea, Halodule and Syringodium. Grande Anse 
differs from the other sites because it is reported to be dominated by Thalassodendron, 
making it useful for testing the model on a meadow with a different canopy structure and 
potential spectral response. 

Figure 13 - Sentinel-2 true-color images 2025-06-27 showing Mahé and Praslin Islands, with the location of the selected 
secondary application sites. The colored outlines indicate the lagoon polygons used for secondary model application: 
Sainte-Anne (orange), Côte d’Or (cyan), Baie Sainte Anne (magenta) and Grande Anse (red). 
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The two other secondary sites are Sainte Anne and Baie Sainte Anne. Sainte Anne is 
located north-east of Mahé, within a reef-lagoon system surrounding small islands and 
contains mixed seagrass assemblages similar to those reported at Anse -aux-Pins and 
Côte d’ r.  aie Sainte Anne is located on Praslin and is reported to be dominated by 
Enhalus, providing another test case for transferability across different meadow types.   
 

These secondary sites were not used for model training and validation. They were used 
only for model application and transferability assessment. The comparison between 
sites was based on the spatial coherence of predicted seagrass areas, the consistency 
of model outputs across the Sentinel-2 time series and the influence of site-specific 
conditions such as depth, substrate brightness, lagoon morphology and species 
composition. 
 

Table 1 - Summary of the study sites. Mixed meadows include Thalassia, Oceana, Cymodocea, Halodule and Syringodium.  

Site Island Role Meadow type 
Anse-aux-Pins Mahé Training / validation Mixed meadow 

Côte d’ r Praslin Application Mixed meadow 
Grande Anse Praslin Application Thalassodendron-dominated 
Sainte Anne Mahé Application Mixed meadow 

Baie Sainte Anne Praslin Application Enhalus-dominated 
 

3.2   Data sources 

        3.2.1 Sentinel-2 MSI imagery 
This study used satellite imagery from the Sentinel-2 Multi Spectral Instrument (S2-MSI) 
mission between April 2016 and May 2026. Developed by the European Space Agency 
(ESA), the S2-MSI constellation actually consists of multiple satellites, Sentinel-2A (2015-
2025), Sentinel-2B (2017-present) and Sentinel-2C (2025-present), which have identical 
spectral band definitions and radiometric characteristics and together provide a revisit 
time of approximately five days at the equator. This temporal resolution is particularly 
useful in tropical coastal regions where frequent cloud cover can limit data availability 
(Drusch et al., 2012; ESA, 2023).  
 

Level-1 Collection (L1C) products were automatically downloaded from the Copernicus 
Open Access Hub using a Python script. These products provide top-of-atmosphere 
(TOA) reflectance values that are orthorectified and projected in the Universal Transverse 
Mercator (UTM) coordinate system. We used L1C products to have control over the 
atmospheric correction and other corrections methods. This is important in shallow-
water environments, where standard land-oriented corrections may be less accurate 
(Vanhellemont, 2019). The AOI is covered by orbit 034 and only scenes corresponding to 
this orbit were selected. 
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S2-MSI records data in 13 spectral bands (Tab. 2) ranging from the visible to shortwave 
infrared (SWIR). Four bands: blue, green, red and near-infrared (NIR) are provided at 10 m 
spatial resolution, which is well suited for mapping shallow coastal environments. 
Additional red-edge and SWIR bands at 20 m resolution provide complementary spectral 
information that can improve vegetation detection and water correction steps (Delegido 
et al., 2011; Pahlevan et al., 2017). The spectral composition of S2 makes it ideal for 
mapping shallow-water. While the Red-edge and NIR bands are used for identifying 
vegetation and for separating land from water, the blue and green bands are sensitive to 
water-column properties and bottom reflectance (Hedley et al., 2018; Roca-Mora et al., 
2026). Additionally, the SWIR bands helps for the sunglint and atmospheric corrections. 
 
        Table 2 -  Spectral characteristics of Sentinel-2 MSI bands 

Band Name Central wavelength (nm) Resolution (m) 
B1 Coastal aerosol 443 60 
B2 Blue 492 10 
B3 Green 559 10 
B4 Red 665 10 
B5 Red-edge 1 704 20 
B6 Red-edge 2 740 20 
B7 Red-edge 3 783 20 
B8 NIR 833 10 

B8A Narrow NIR 865 20 
B9 Water vapor 945 60 

B10 Cirrus 1375 60 
B11 SWIR 1 1610 20 
B12 SWIR 2 2190 20 

 

        3.2.2 Ancillary data 
Ancillary atmospheric data were used indirectly during image preprocessing through the 
ACOLITE atmospheric correction workflow (see Section 3.3.2 for details). ACOLITE 
retrieves auxiliary meteorological information from NASA EarthData services when 
required for atmospheric parameter estimation. These supplementary datasets contain 
meteorological parameters and atmospheric variables like aerosol attributes that are 
obtained from global reanalysis products. ACOLITE uses the data internally to enhance 
the atmospheric correction algorithms (Vanhellemont, 2019; Vanhellemont & Ruddick, 
2018). Ancillary data are also involved in the sunglint correction procedure implemented 
in ACOLITE. In particular, wind-related parameters may influence the estimation of air-
water interface effects, depending on the selected correction options. 
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       3.2.3 Reference seagrass map 
The shapefile (Fig. 14), which comes from the national seagrass cartography project 
(Rowlands, 2024) done under the SeyCCAT MACCE program, was supplied by partners 
from the University of Seychelles. The mapping was created as part of a project to record 
and evaluate seagrass meadows all over the Seychelles. As a result is a map product.  

 

Field-based observations were collected between October and November 2021 during 
the national seagrass mapping campaign. However, the shapefile used in this thesis does 
not correspond to direct field observations or manually mapped groundtruth polygons. 
The seagrass boundaries are produced by a previous model trained with field 
observations. Thus the polygons are a model derived cartographic product with spatial 
resolution of about 3-4 m. 
 

The quality of this product is spatially variable. In the original mapping work, the validation 
results for the North region, which includes Mahé, were lower than for the Central and 
South regions, with an overall accuracy of 69.7% and a seagrass F1-score of 63.3%. 
Therefore, the Anse-aux-Pins shapefile was considered as the best available reference 
seagrass map, but not as an error-free groundtruth dataset. This limitation is important 
because uncertainties from the original product may affect the interpretation of results 
derived from it (See Section 4) (C. B. Lee et al., 2023; Rowlands, 2024).  

Figure 14 - Seagrass meadow polygons (green) in the Anse-aux-Pins lagoon shapefile from the SeyCCAT MACCE 
cartography project (Rowlands, 2024). The polygons are seagrass map product created from a previous model based on 
field observations from October and November 2021.  Shapefile provided by Jérôme Harlay (University of Seychelles). 
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3.3   Image preprocessing 

        3.3.1 Image selection and filtering 
All L1C Sentinel-2 scenes coming from orbit 34, covering the AOI between April 2016 and 
May 2026 were automatically downloaded. The download process was intentionally not 
filtered based on cloud cover, in order to retain the full archive and ensure consistent 
preprocessing prior to quality filtering. Due to temporal overlap between sensors 
missions, multiple acquisitions may be available for a same date. Thus priority was given 
to the most complete data then to the latest sensor. 
 
The AOI is located close to the boundary of multiple S2 tiles. In order to provide enough 
spatial context for atmospheric correction, neighboring tiles were systematically 
included during preprocessing. These tiles were merged into a single continuous scene 
using the “merge_tiles=True” option in ACOLITE. This approach avoids gaps at tile 
borders and improves the estimation of atmospheric parameters, which is known to 
benefit from larger spatial domains in coastal environments (Vanhellemont, 2019; 
Vanhellemont & Ruddick, 2018). 
 
Selected acquisitions (Tab. 3) were processed using the same pipeline. The S2 bands 
were also resampled to a common spatial resolution of 10 m. This resampling step 
ensures the spatial consistency between bands and avoids the misalignment for the next 
steps. 
 
Table 3 - Number of Sentinel-2 acquisitions for each year and each sensor 

Sensor 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 Total 
S2A 27 37 36 37 33 36 35 37 37 2 0 317 
S2B 0 19 38 35 39 36 37 35 37 35 15 326 
S2C 0 0 0 0 0 0 0 0 1 38 15 54 
Total 27 56 74 72 72 72 72 72 75 75 30 697 

 

        3.3.2 Atmospheric and sunglint correction 
Atmospheric correction was performed using ACOLITE v20251013.0, a processing 
software specifically designed for aquatic applications of optical satellite imagery 
(Vanhellemont, 2025; Vanhellemont & Ruddick, 2018). Two atmospheric correction 
methods were evaluated and compared based on their impact on the classification 
performance as no in situ reflectance measurements were available. ACOLITE was used 
because it returns a better corrected reflectance, particularly in the blue and green 
spectral bands, where it often performs better than many other atmospheric correction 
methods (Pahlevan et al., 2017; Vanhellemont, 2019; Vanhellemont & Ruddick, 2018). 
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Blue and green bands are very sensitive to water-depth and composition, making them 
great for seagrass detection. ACOLITE can be applied to S2 images and has had good 
results in tropical and equatorial regions (Pahlevan et al., 2022; Vanhellemont, 2019), 
making it suited for this study. 
 

AC  ITE’s default method, the Dark Spectrum Fitting (DSF) method aerosol optical 
thickness was estimated directly from the image by identifying dark pixels and fitting 
atmospheric parameters accordingly (Vanhellemont, 2019). In this study, the fixed 
aerosol estimation  “dsf_aot_estimate=fixed”) was used because the final processed AOI 
was small enough to apply one single atmospheric correction over the lagoon and 
surroundings. This approach assumes spatially homogeneous atmospheric conditions 
over the scene and is commonly applied in small coastal regions like this thesis’ A I 
(Castagna & Vanhellemont, 2025; Vanhellemont, 2025). 
 
For the Remote sensing Adjacency Correction (RAdCor) method , atmospheric correction 
includes adjacency effects, which occur when the reflectance from neighboring pixels 
(e.g. land, clouds or bright shallow areas) influences the observed signal of a given pixel. 
Aerosol optical thickness and aerosol models are estimated using TOA-Surface Dark 
Spectrum Fitting (TSDSF), a generalisation of the DSF method for surface heterogeneity 
and provides inputs for adjacency correction (Castagna & Vanhellemont, 2025). RAdCor 
relies on a spatial kernel to model relation between pixels. Thus, a buffer was included 
around the AOI. Following ACOLITE recommendations, a 5 km padding was applied for 
adjacency effects to be computed. 
 
In both case, the sunglint correction was applied using the glint correction option 
implemented in ACOLITE. Sunglint is caused by the reflection of sunlight at the air-water 
interface and can artificially increase reflectance values in visible and near -infrared 
bands. Correction of sunglint is required in shallow coastal environments to avoid the 
overestimation of remote sensing reflectance and to improve detection of submerged 
features (Hedley et al., 2005; Vanhellemont, 2019). 
 
Level-2 water products (L2W) were generated by AC  ITE’s processing. The analysis 
used remote sensing reflectances (Rrs, Rrs_*), which is the radiance normalized by 
downwelling irradiance and corresponds to the signal leaving the water column after 
atmospheric and surface corrections. This quantity isolates the aquatic optical signal, 
including contributions from the water column and benthic substrate, with minimal 
effects of the atmosphere and surface reflection. The Rrs data is the main input for 
feature extraction and following classification. 
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3.3.3 Masks 
Only after atmospheric and sunglint correction, cloud, land and deep-water masks were 
applied to remove pixels that were not appropriate for seagrass detection.  
 
Cloud masking was performed using the Function of Mask (Fmask) algorithm rather than 
the internal ACOLITE cloud mask, in order to maintain independence between processing 
steps and avoid the excessive coastal and land pixels masking of ACOLITE. Fmask was  
implemented via the python-fmask library (version 0.5.10) (GERSL/FMask, 2026). Fmask 
is an object-based approach that detects clouds and cloud shadows using spectral and 
thermal information (Zhu et al., 2015; Zhu & Woodcock, 2012).The method is also used 
within the Harmonized Landsat-Sentinel (HLS) processing framework to ensure 
consistent cloud masking across sensors, supporting its use in this study (Claverie et al., 
2018; Ju et al., n.d.). 
 

Cloud masks were produced from the original Level-1 imagery rather than from 
atmospherically corrected products. This was done, accordingly with F mask 
recommendations, to preserves the original radiometric and geometric structure of the 
data, which is required for optimal performance of Fmask. Using corrected reflectance 
products can alter and degrade cloud detection accuracy (Qiu et al., 2019). Fmask 
parameter settings were used to account for S2 specific characteristics and to limit over-
masking (Appendix C). Permissive parameters were applied, with reduced cloud 
probability thresholds and small buffer distances, in order to avoid masking bright 
shallow-water pixels which are common in lagoons images. Cloud masking was applied, 
while cloud shadows, snow and water classes were not removed (Zhu et al., 2015). 
 
In addition to cloud masking, a land mask was applied based on the coastline to exclude 
land pixels from the analysis. This mask also excludes the inner lagoon enclosed by the 
reclaimed structure , which appears in Fig. 15a as a skyblue masked area to the north 
inside the lagoon, despite visually corresponding to water. This area is excluded because 
it is subject to stronger eutrophication and has a different water residence time and 
flushing compared to the main lagoon. As a result, its optical and ecological properties 
are significantly different, which could bias the classification and temporal comparison.  
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Finally, a deep-water mask based on visual interpretation of the imagery and the local 
bathymetry, was also applied to exclude offshore pixels where bottom reflectance is 
negligible and where seagrass detection is not relevant. These masking and clipping 
steps guaranteed that feature extraction and classification were all limited to valid 
shallow-water pixels within the lagoon (Fig. 15). 

 
  Figure 15 - Example of a final lagoon areas, used for further steps,  after AOI clipping and application of cloud, land and 
deep-water masks. a) without clouds b) with clouds  

a) b) 
No-clouds Clouds 
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3.4   Basis for seagrass detection 

        3.4.1 Optical properties of underwater vegetation 
Seagrass detection using optical satellite imagery works by using the spectral behavior 
of submerged vegetation. Like terrestrial plants, seagrass contains chlorophyll pigments 
that absorb strongly in the blue (≈440-490 nm) and red (≈660-670 nm) wavelengths, while 
reflecting more light in the green region  ≈550-560 nm). This creates a characteristic 
spectral pattern that can be used to distinguish vegetated from non-vegetated substrates 
(Fig. 16) (Thorhaug et al., 2007). 

 
As seagrass is located below the water surface, the signal measured by a satellite sensor 
is influenced not only by the plant itself but also by the water column above it. Light 
attenuation in water reduces the intensity of reflected signals, especially in red and near-
infrared wavelengths. As a result, shallow-water mapping relies mainly on the blue and 
green spectral bands, where light penetration is higher (Z. Lee et al., 1998). 
 
In clear shallow waters, the bottom reflectance contributes significantly to the Rrs signal. 
Seagrass meadows typically show lower reflectance in the blue band compared to sandy 
substrates, while differences in the green band can help improve class separation. These 
spectral contrasts are the basis for seagrass mapping using multispectral imagery such 
as S2-MSI (Amone-Mabuto et al., 2024; Cingano et al., 2024). Recent studies have 
demonstrated that Visible bands, particularly in the blue and green region, provide most 
of the spectral information required for mapping seagrass in shallow coastal waters. 
Additional spectral bands, such as red-edge wavelengths available in Sentinel-2, can 
further improve vegetation detection when available. When they are combined with 
appropriate preprocessing, these bands allow reliable discrimination between vegetated 
and non-vegetated seabeds in optically-shallow waters (Caballero et al., 2020; C. B. Lee 
et al., 2023; Z. Lee et al., 1998). 

Figure 16 - Reflectance curves of seagrass species  in shallow water. Differences in blue and green wavelengths provide 
the main spectral basis for discrimination. Source : (Thorhaug et al., 2007) 
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        3.4.2 Constraints affecting detection 
Several factors limit the detectability of seagrass from satellite imagery. Among these, 
water depth is the most important constraint. As depth increases, light gets progressively 
absorbed and scattered, which reduces the contribution of bottom reflectance to the 
signal detected by the sensor. After a certain depth, the seabed becomes optically 
invisible and classification accuracy decreases (Z. Lee et al., 1998). Seagrass detection 
is thus limited to optically shallow areas typically above 30 m. Water turbidity also affects 
detection. The suspended sediments and other particles increase the scattering effect in 
the water column, which reduces clarity and modifies spectral signatures. Temporal 
changes in turbidity can thus lead to differences in reflectance values between different 
acquisition dates, even if benthic cover remains unchanged (Cingano et al., 2024). 
Another limitation is the spectral similarity between substrates. Some sandy bottoms, 
macroalgae, or mixed substrates can have reflectance values closely similar to seagrass 
under certain light or depth conditions. This thus reduces separability and increases 
classification uncertainty (Amone-Mabuto et al., 2024). Surface effects such as sunglint 
and residual atmospheric correction errors can also affect reflectance values. Although 
preprocessing aims to minimize these effects, some variability stays and must thus be 
considered when spectral features are selected and classification models trained. 
Finally, the targeted spatial resolution of satellite imagery (10 m for S2) means that 
individual pixels can include mixed substrates in heterogeneous lagoon environments. 
Mixed pixels can reduce spectral contrast between classes and thus affect the 
classification results. 
 

These constraints are the reason why a robust preprocessing with feature engineering 
and machine-learning classification is necessary in complex environments. 
 

3.5   Feature extraction 

       3.5.1 Spectral features and transformations 
The selection of input features (Tab. 4) is a key step for seagrass classification, as it 
defines the ability of the model to distinguish seagrass from non-seagrass substrates in 
varying environments. In this study, features were derived from 𝜌𝑠 products to capture 
spectral, depth-related and spatial properties of the lagoon environment. A full set of 30 
features is computed from Sentinel-2 images. The feature set combines (i) raw spectral 
reflectance, (ii) depth-invariant indices to reduce water-column effects, (iii) spectral 
ratios highlighting vegetation signatures and (iv) spatial context metrics computed over a 
3×3 neighborhood to capture the spatial structure of seagrass. This combination allows 
the model to better distinguish seagrass from sand under variable depth and turbidity 
conditions (Amone-Mabuto et al., 2024; Z. Lee et al., 1998). The same feature were used 
to interpret separability, feature redundancy and temporal stability of the spectral signal. 
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Table 4 - Feature set used for classification with Sentinel-2  

Family Feature Definition Expected role 

Spectral 
reflectance 

B01  𝑅𝑟𝑠 at 443 nm (coastal blue) 
Water clarity and  

shallow bottom signal 

B02 𝑅𝑟𝑠 at 492 nm (blue) Strong water penetration 

B03 𝑅𝑟𝑠 at 559 nm (green) Key band for benthic habitat 

B04 𝑅𝑟𝑠 at 665 nm (red) Chlorophyll absorption 

B05  𝑅𝑟𝑠 at 704 nm (red-edge) Vegetation reflectance signal 

B08 𝑅𝑟𝑠 at 833 nm (NIR) 
Detects shallow water  

or mixed pixels 

B11 𝑅𝑟𝑠 at 1610 nm (SWIR1) Water-land discrimination 

Depth-
invariant 

DII(B02,B03) 
Depth-invariant index  

from B02 and B03 
Reduce depth effect 

DII(B01,B03)  
Depth-invariant index  

from B01 and B03 
Reduce depth effect 

DII(B03,B04) 
Depth-invariant index  

from B03 and B04 
Reduce depth effect 

Spectral 
Index 

IDX_B03_B02   03 −  02      03 +  02  Blue-green spectral contrast 

IDX_B04_B03   04 −  03      04 +  03  Vegetation absorption contrast 

IDX_B05_B04    05 −  04      05 +  04  Red-edge vegetation signal 

IDX_B05_B03    05 −  03      05 +  03  Vegetation spectral response 

Band  
ratios 

RATIO_B03_B02 B03 / B02 Relative blue-green reflectance 

RATIO_B04_B03 B04 / B03 Red-green reflectance ratio 

RATIO_B05_B03  B05 / B03 Red-edge to green ratio 

Spectral 
difference 

DIFF_B03_B02  03 −  02 Blue-green slope 

DIFF_B04_B03  04 −  03 Green-red slope 

DIFF_B05_B03   05 −  03 Red-edge slope 

Spatial 
metrics 

MEAN3x3_DII 
_B02_B03 

Mean DII_B02_B03 in a 3×3 window Stabilizes depth correction 

STD3x3_DII_B02_B03 
Standard deviation of  

DII_B02_B03 in a 3×3 window 
Spatial variability  
of bottom signal 

MEAN3x3_B03 Mean B03 value in a 3×3 window Local reflectance consistency 

STD3x3_B03 
Standard deviation of  
B03 in a 3×3 window 

Detects structure 

    MEAN3x3_B05 Mean B05 value in a 3×3 window Local vegetation signal 

STD3x3_B05 
Standard deviation of  
B05 in a 3×3 window 

Spatial variability of vegetation 

MEAN3x3_ 
RATIO_B03_B02 

Mean RATIO_B03_B02  
in a 3×3 window 

Spatial stability of ratio 

STD3x3_ 
RATIO_B03_B02 

Standard deviation of  
RATIO_B03_B02 in a 3×3 window 

Ratio heterogeneity 

MEAN3x3_NDWI Mean NDWI in a 3×3 window Local water conditions 

STD3x3_NDWI 
Standard deviation of  
NDWI in a 3×3 window 

Water variability 
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The visible bands in the blue  ≈440-490 nm , green  ≈550-560 nm  and red  ≈660-670 nm) 
regions contain most of the information related to bottom reflectance in shallow waters 
because light penetration is at the highest in the blue-green part of the spectrum. These 
wavelengths therefore carry most of the signal related to benthic substrates and 
submerged seagrass (Amone-Mabuto et al., 2024; Traganos & Reinartz, 2018). The green 
band (559 nm) is particularly informative for detecting submerged vegetation due to the 
reflectance peak of aquatic plants in this region (Mumby et al., 2004). 
 
Additional bands were included to capture extra data past the visible spectrum range. 
The red-edge band (≈704 nm), is sensitive to vegetation reflectance transitions and can 
retain vegetation signals even under shallow water (Fyfe, 2003; Hedley et al., 2018). The 
NIR band (≈833 nm) is strongly absorbed by water but still capture data in very shallow 
areas or mixed pixels, helping to identify areas where vegetation reaches the surface or 
where bottom reflectance is strong (A. G. Dekker et al., 2011). Finally, the SWIR band 
(≈1610 nm) shows strong water absorption and is therefore useful for distinguishing water 
from land or mixed pixels on coastal areas (Xu, 2006). 
 
Depth-invariant indices (DII) are used in shallow-water remote sensing to reduce the 
influence of variable bathymetry and water-column attenuation (A. G. Dekker et al., 2011; 
Green et al., 2000; LYZENGA, 1981). The general formulation is: 
 

𝐷𝐼𝐼𝑖𝑗 = ln⁡(𝑅𝑖)− 𝑘𝑖𝑗 ln⁡(𝑅𝑗) 

 
where 𝑅𝑖 and 𝑅𝑗  are Rrs values at wavelengths 𝑖 and 𝑗 and 𝑘𝑖𝑗  is derived from attenuation 

relationships directly estimated from valid pixels from scenes. This transformation 
reduces variability related to depth while still keeping differences between bottom types 
(Z. Lee et al., 1998). The band combinations (492,559), (442,559) and (559,665) balance 
water penetration and vegetation contrast. 
 
We used normalized spectral indices and band ratios to increase spectral contrasts 
between benthic types while reducing sensitivity to variable illumination. Normalized 
difference indices are commonly used in aquatic remote sensing because they 
emphasize relative differences between bands rather than absolute reflectance values 
(Mumby et al., 2004; Roelfsema et al., 2014). Here, we considered the following indices: 
 

𝑅559 −𝑅492

𝑅559 +𝑅492
⁡⁡⁡ ; ⁡⁡⁡

𝑅665 −𝑅559

𝑅665 +𝑅559
⁡⁡⁡ ; ⁡⁡⁡

𝑅704 −𝑅665

𝑅704 +𝑅665
⁡⁡⁡⁡ ; ⁡⁡⁡⁡

𝑅704 −𝑅559

𝑅704 +𝑅559
⁡⁡⁡, 
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as well as: 
 

𝑅559

𝑅492
⁡⁡⁡ ; ⁡⁡⁡

𝑅665

𝑅559
⁡⁡⁡ ;

𝑅704

𝑅559
 

 

to capture and improve the relative spectral contrasts related to vegetation while 
reducing the sensitivity to differences in illumination. These combinations are commonly 
used in shallow-water seagrass mappings (A. Dekker et al., 2007; Mumby et al., 2004; 
Roelfsema et al., 2014). Simple spectral differences such as: 
 

𝑅559 − 𝑅492⁡⁡,⁡⁡⁡𝑅665 − 𝑅559 ⁡⁡𝑎𝑛𝑑⁡⁡𝑅704 −𝑅559 
 

were also computed to approximate the spectral slopes. These slopes provide 
complementary information to normalized indices and can capture subtle transitions in 
spectral reflectance associated with seagrass. 
 

Finally, local statistics were computed using a 3×3 moving window due to the patchy 
spatial structure of seagrass meadows and the heterogeneous distribution of seagrass, 
sand and mixed substrates. These statistics include the mean and standard deviation of 
the selected features, including bands, indices and the Normalized Difference Water 
Index (NDWI), which was used to capture water presence change and surface conditions. 
The mean values describe the local consistency in reflectance and the standard deviation 
shows the spatial heterogeneity. These texture-like metrics allow the model to capture 
the patchiness and edges of seagrass, which also improves the discrimination between 
seagrass and non-seagrass areas.  
 

       3.5.2  Feature set for model input 
Each feature family captures different characteristics of the lagoon environment and 
contributes to the discrimination between seagrass and non-seagrass areas (Tab. 5).  
 
               Table 5 - Summary of feature families used in the classification 

Feature family # features Purpose 
Spectral reflectance 7 Capture raw spectrum of substrates 
Depth-invariant 3 Reduce water depth influence 
Spectral Index 4 Improve seagrass spectrum contrast 
Band ratios 3 Show relative spectrum differences 
Spectral difference 3 Represent spectral slopes 
Spatial metrics 10 Acquire spatial structure of seagrass 

Total 30  
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3.6   Classification 

         3.6.1 Dataset  
The classification dataset used was created by merging the seagrass reference shapefile 
(Section 3.2.3), with feature stacks obtained from satellite imagery acquired in October-
November 2021, which corresponds to the field survey period. Pixels located within the 
seagrass polygons were labelled as seagrass, while pixels located outside these 
polygons but within valid shallow-water areas were labelled as non-seagrass. Valid pixels 
are pixels remaining after masking was applied (Section 3.3.3).  
 

The Sentinel-2 dataset was built (Tab. 6) using 10 acquisition dates. Dates were selected 
to provide the best conditions for model development, with a maximum of 70% cloud 
coverage over the AOI, in order to maximize quality while preserving temporal variability. 
 
       Table 6 - Distribution of reference pixels in the datasets,per sensor, used for model training and evaluation. 

Sensor Date Valid pixels Seagrass pixels Non-seagrass pixels 

Se
nt

in
el

-2
 

2021-09-26 * 30,126 6,325 23,801 
2021-10-06 26,240 4,960 21,280 
2021-10-11 15,783 3,304 12,479 
2021-10-16 35,144 7,397 27,747 
2021-10-26 17,088 1,777 15,311 
2021-10-31 34,756 7,272 27,484 
2021-11-05 16,177 3,105 13,072 
2021-11-25 32,851 6,976 25,875 
2021-11-30 31,342 6,756 24,586 

2021-12-05 * 27,918 5,413 22,505 
 Total 267,425 53,285 214,140 

* Included despite outside the reference period, due to close temporal proximity. 

        3.6.2 Machine-learning model 
Seagrass classification was performed using two supervised machine-learning 
algorithms: Random Forest (RF) and Extreme Gradient Boosting (XGBoost). RF is an 
ensemble method that constructs multiple decision trees and combines their 
predictions through majority voting (Breiman, 2001), while XGBoost is a gradient boosting 
algorithm that sequentially builds trees to correct the errors of previous ones (Chen & 
Guestrin, 2016). Both methods are widely used in remote sensing because they can 
handle high-dimensional data, are robust to noise and correlated features and do not 
require specific assumptions about data distributions (Amone-Mabuto et al., 2024; 
 elgiu & Drăguţ, 2016; Maxwell et al., 2018 . Their complementary learning strategies 
make them well suited for comparison in coastal habitat mapping.  
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The models were implemented in Python using the scikit-learn and XGBoost libraries. The 
input features correspond to the spectral bands, depth-invariant indices, water indices, 
band ratios and texture metrics. A dedicated model was trained using the 30-feature 
Sentinel-2 dataset, corresponding to the spectral bands and derived features            
(Section 3.5). The model output is a probability for each pixel, which were  then converted 
in a binary prediction using a probability threshold. Feature importance from the trained 
models was used as an interpretative output, not as an additional feature-selection step. 
 

        3.6.3 Training, validation and testing strategy 
A nested cross-validation (CV) strategy (Fig. 17) based on the datasets acquisition dates 
was used to evaluate the classifier's ability to generalize over time (Roberts et al., 2017). 
Such strategy is recommended as it provides a more realistic estimate of the predictive 
performance compared to a random CV (Meyer et al., 2019; Roberts et al., 2017) 

 

In order to evaluate the model performance on unseen temporal conditions, an outer CV  
loop using a Leave-One-Date-Out (LODO) methodology was used. At each iteration, all 
labelled pixels from one acquisition date were put to the side for testing , while pixels from 
the remaining dates were used for model development. With the development data, an 
inner CV loop was used for hyperparameter tuning. For each outer iteration, the dates 
were put to the side were then split with the same LODO strategy: one date used for 
validation while the others were used for training. A 1:1 ratio between seagrass and non-
seagrass pixels was imposed during training by randomly downsampling the majority 
class to prevent class imbalances. Hyperparameters were tuned in the inner loop using  
grids specific to each classifier: 96 combinations for the RF model and 384 combinations 
for the XGBoost model. The full list of tested hyperparameters is provided in Appendix D. 
In order to prevent information leakage, this nested structure made sure that the 
hyperparameter tuning was done only on the training data. 

Figure 17 - Nested LODO-CV strategy used for model training and evaluation. In the outer loop, one date is put to the side 
as the test set while the remaining dates are used for model development. With the development data, an inner leave -one-
date-out cross-validation is done to tune hyperparameters 



Peugeot Mattis  Materials & Methods 

UCLouvain – Master Thesis  31 

The model was then trained on the full development dataset of the respective outer fold 
using the best hyperparameter set from the inner loop. After that, predictions were 
produced for the testing date put to the side. The process was then repeated for each 
date. And the final model performance, using the best hyperparameters, was computed 
as the average over all outer folds, which gave an estimate of the model’s ability to 
generalize to new acquisition dates. 
 

3.6.4   Performance metrics 
Model performance was evaluated using standard classification metrics derived from the 
confusion matrix (Tab. 7), which compares predicted classes with reference classes. In 
addition to these metrics, the macro-averaged F1-score (macro-F1) was used as the 
primary evaluation criterion (Pedregosa et al., 2011). Unlike other metrics, which can be 
biased toward the majority class, macro-F1 gives equal weight to each class by averaging 
the F1-scores of the seagrass and non-seagrass classes. This is particularly relevant in 
this study, where class imbalance may occur due to the spatial distribution of seagrass 
within the lagoon (Maxwell et al., 2018). 
 

Table 7 - Confusion matrix structure 

 Predicted Non-Seagrass Predicted seagrass 
Actual  

Non-seagrass 
True negative (TN) False Positive (FP) 

Actual  
Seagrass 

False Negative (FN) True Positive (TP) 

 

From this matrix, the following metrics were calculated for each class: 
 

▪ Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

▪ Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

▪ F1-score (F1) 

𝐹1 = 2×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

• Macro-F1 
 

𝑚𝑎𝑐𝑟𝑜⁡𝑓1 =
𝐹1𝑠𝑒𝑎𝑔𝑟𝑎𝑠𝑠 +𝐹1𝑛𝑜𝑛−𝑠𝑒𝑎𝑔𝑟𝑎𝑠𝑠

2
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Performance metrics were computed for each fold of the LODO cross-validation and then 
averaged across all folds to provide a robust estimate of model performance. Variability 
between folds was also considered in order to assess the stability of the models under 
different conditions. This evaluation framework allows a consistent comparison between 
algorithms (RF and XGBoost) making sure that differences in performance are 
attributable to model and data characteristics rather than to specific training conditions. 
 

Since outputs are class probabilities, a probability threshold is needed to convert to a 
binary class prediction. In this study, three thresholding strategies were considered: a 
standard threshold of 0.5, a threshold maximizing the macro-F1 score and a threshold 
maximizing the F1-score of the seagrass class. Threshold optimization was performed 
within each training fold using validation data and the selected threshold was then 
applied to the corresponding test fold. Thus, threshold selection does not bias 
performance evaluation and allows to evaluate the effect of threshold selection on the 
classification results. 
 

The selection of the best model configuration for multi-temporal seagrass mapping is 
then made based on the model accuracy, class-specific performance and robustness 
that these metrics and evaluation techniques give. However, the reference classes used 
in the confusion matrix are from a model-derived seagrass reference map, not from 
independent field observations (Section 3.2.3). Consequently, the reported metrics 
should be interpreted as an evaluation of agreement with the available reference map, 
rather than as direct estimates of field-based ecological accuracy. 
 

3.7   Temporal analysis of seagrass predictions 
The temporal analysis aimed to reconstruct seasonal and interannual variability in 
mapped seagrass extent across the study sites. It was based on the probability outputs 
of the final Sentinel-2 classification pipeline selected (Section 4.2). For each acquisition 
date, the model produced a raster of seagrass presence probability. Binary prediction 
rasters were used only as secondary diagnostic products when necessary, while 
probability rasters were used as the main input for temporal analysis because they retain 
more information than a fixed binary classification. 
 
The analysis included only shallow-water pixels that were valid. Land, clouds, invalid 
pixels, nodata values and masked deep-water areas were excluded following the 
preprocessing steps (Section 3.3). The probability values were restricted between zero 
and one. Pixel area was then used to convert probability sums and pixel counts into 
square kilometres. The metrics that result from this procedure are referred to as mapped 
seagrass extent and not seagrass cover because the model predicts presence 
probability, not percentage seagrass cover, biomass, or density. 
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        3.7.1 Monthly aggregation and temporal trajectories 
Single-date predictions can be affected by water clarity, tide level, sunglint, atmospheric 
correction residuals, or occasional classification errors. To reduce this short -term 
variability, monthly centred probability composites were produced. For each target 
month, we then averaged all valid predictions from a three-month centred window. For 
example, the January composite used observations from December, January and 
February. 
 

For each monthly composite, we first calculated the mapped seagrass extent as 
probability-weighted surface area: 

𝐴𝑝𝑤 = 𝑎𝑝𝑖𝑥 ∑𝑝𝑖

𝑛

𝑖=1

 

 
where 𝑎𝑝𝑖𝑥  is the pixel area in km² and 𝑝𝑖  is the predicted seagrass probability of pixel 𝑖. 

This gives a continuous estimate of the mapped seagrass extent. Probability-thresholded 
mapped seagrass extent were also calculated using selected probability thresholds: 

𝐴𝜏 = 𝑎𝑝𝑖𝑥 ∑𝟏(

𝑛

𝑖=1

𝑝𝑖 ≥ 𝜏) 

 
where 𝐴𝜏 is the mapped extent at threshold 𝜏 and 𝟏(𝑝𝑖 ≥ 𝜏) equals 1 when the pixel 
probability is greater than or equal to the threshold and 0 otherwise. Thresholds such as 
𝑝 ≥ 0.25, 𝑝 ≥ 0.50 and 𝑝 ≥ 0.75 were used to assess threshold sensitivity and 
confidence in the mapped signal. 
 
Then, we generated two temporal summaries. First, a seasonal curve was obtained by 
folding monthly composites from all years onto day-of-year. This is the average seasonal 
pattern for the whole time series Second, the same monthly composites were arranged 
along the full calendar time axis, from 2016 to 2026, to produce a chronological trajectory 
of mapped seagrass extent and highlight interannual variation. (Davies et al., 2024a, 
2024b). Because the annual cycle repeats itself, the seasonal curve was smoothed with 
a circular Gaussian smoother with a bandwidth of 45 days. A non-circular Gaussian 
smoother with a bandwidth of 90 days was used to smooth the chronological curve. We 
used a descriptive bootstrap procedure to place estimates of uncertainty around the 
smoothed curves. The shaded interval is an 89% bootstrap interval, not to be confused 
with a Bayesian credible interval. The rate of change was obtained by taking the derivative 
of the smoothed trajectory (expressed in km² per week).  
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3.7.2 Annual composites and persistent extent 
Annual probability composites were produced by averaging all valid probability rasters 
for each year. When needed, the annual composite was restricted to a fixed seasonal 
window to improve comparability between years. Pixels with too few valid observations 
were excluded from annual binary products. The annual mapped extent was determined 
using the same probability-weighted and thresholded area equations as previously 
described.  
 
A threshold of 𝑝 ≥ 0.50 was used to represent, with moderate-confidence, mapped 
seagrass extent and a more conservative threshold of 𝑝 ≥ 0.75 was used to represent 
persistent seagrass extent. The thresholds represent the confidence level of the model’s 
prediction and must not be taken as straightforward ecological categories. Annual maps 
were used to visualize the spatial structure of mapped seagrass probability through time 
and to compare patterns between years. 
 

3.7.3 Spatial persistence and gain/loss analysis 
Spatial persistence was calculated as the proportion of valid observations or composites 
in which a pixel exceeded a selected seagrass probability threshold: 
 

𝑃𝑖 =
𝑁𝑖,𝑝≥𝜏

𝑁𝑖,𝑣𝑎𝑙𝑖𝑑
⁡⁡⁡, 

 

where 𝑃𝑖 is the persistence of pixel 𝑖, 𝑁𝑖,𝑝≥𝜏  is the number of valid observations where the 

pixel exceeded threshold 𝜏 and 𝑁𝑖,𝑣𝑎𝑙𝑖𝑑 is the total number of valid observations for that 
pixel. High persistence indicates areas consistently mapped as seagrass, while 
intermediate persistence often corresponds to meadow margins where seagrass is more 
sparse, fragmented, or seasonally variable. However, intermediate persistence may also 
reflect uncertainty in the classification, especially near meadow boundaries. 
 

Annual binary maps were compared between selected periods to create gain/loss maps. 
Each pixel was classified as either stable non-seagrass, loss, stable seagrass or gain. 
Loss was calculated as pixels classified as seagrass in first period and non seagrass in 
second period. Gain was for the opposite transition. Statistics for areas were then 
calculated for gain, loss, stable seagrass, stable non-seagrass, comparable area and net 
change. These maps were interpreted as changes in mapped high-confidence or 
persistent seagrass extent, rather than as a direct proof of ecological recovery or 
degradation. 
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3.8 Transferability to secondary sites 
The final Sentinel-2 mapping pipeline was also applied to the four secondary study sites: 
Côte d’ r,  rande Anse, Sainte Anne and  aie Sainte Anne  (Section 3.1.2). The objective 
was to assess whether a model trained and evaluated at Anse-aux-Pins could produce 
coherent seagrass predictions in nearby lagoons with different geomorphological, optical 
and ecological conditions. 
 
No additional site-specific training was done with the secondary sites. The same 
preprocessing, feature extraction, classifier and probability thresholds used for Anse -
aux-Pins were used without any modification. This allowed us to test the transferability of 
the workflow, rather than the performance of a locally updated model. The transferred 
model was used to generate maps of high-confidence seagrass extent for each 
secondary site. These outputs were then analyzed following the same general logic as for 
Anse-aux-Pins (Section 3.7). First, we analyzed the spatial distribution of valid Sentinel-2 
observations to identify where temporal aggregation and mapped predictions were more 
or less reliable. Second, the transferred predictions were compared to the available 
MACCE reference map and recent Sentinel-2 imagery to evaluate the spatial coherence 
and site-specific generalization. Third, we extracted monthly trajectories and seasonal 
cycles when there were enough valid observations to test whether the transferred 
classifier produced temporally consistent patterns outside its training site. 
 
This step was not an independent accuracy validation. The transferability was instead 
assessed by a descriptive comparison of model behavior across sites. Particular 
attention was given to: the location of high probability areas, the consistency of 
predictions over time and the possible occurrence of false detections in reef flats, bright 
sand, turbid water or optically complex shallow areas. The secondary-site analysis was 
therefore used to identify the conditions under which the Anse-aux-Pins-trained model 
appeared transferable and the conditions where site-specific calibration would likely be 
required. Results from this section should be interpreted as an exploratory assessment 
of model behavior across sites, rather than as definitive evidence of seagrass change at 
each location.
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4.   Results & discussions 
The results presented in this chapter should be read in relation to the methodological 
framework (Section 3). The classifier was trained using reference labels extracted from 
the reference seagrass map product and the temporal analyses are therefore expressed 
as mapped seagrass extent rather than direct field-measured cover. This framing is 
especially important for the interpretation of model performance, meadow margins and 
transferability to secondary sites. However, the following sections focus primarily on the 
spatial and temporal patterns obtained from the Sentinel-2 workflow. 
 

4.1 Spectral characteristics and feature separability of the classes 
Before evaluating the classification models, the spectral and feature space of the 
labelled pixels was examined. This step aimed to verify whether the reference seagrass 
and non-seagrass classes showed coherent optical differences in the Sentinel-2 data 
and to identify which parts of the spectrum were most informative for classification. The 
analysis also tested whether these patterns were consistent between the two 
atmospheric correction approaches, DSF and RAdCor. This section therefore provides a 
first interpretation of the information available to the classifier, before the model 
performance comparison (Section 4.2). 
 

4.1.1 Spectral behavior of seagrass and non-seagrass pixels 
The median spectral profiles, with 95% interquartile range (IQ95), were first analyzed to 
evaluate whether seagrass and non-seagrass pixels from the reference map showed 
consistent spectral differences before classification. This was done with the dataset of 
both atmospheric correction : DSF and RAdCor. In both cases, the profiles showed the 
expected behavior for optically shallow tropical waters: reflectance is highest in the 
visible domain, peaks around the green band and decreases strongly towards the NIR and 
SWIR regions. This is consistent with shallow-water remote sensing, where blue and 
green wavelengths penetrate the water more efficiently, while red, NIR and SWIR 
wavelengths are highly absorbed by water (Lee et al., 1998; Hedley et al., 2018; Amone-
Mabuto et al., 2024).  
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For the DSF version dataset (Fig. 18), non-seagrass pixels are slightly brighter that 
seagrass pixels in the coastal and blue bands, which may be related to sandy or 
unvegetated substrates. From the green band onward, seagrass pixels show higher 
reflectance than non-seagrass pixels. The contrast remains limited around 560 nm, 
where both classes reach their maximum reflectance, but becomes clearer in the red and 
red-edge regions.  
 
In particular, the separation at 665 nm and 705 nm suggests that these wavelengths 
contain useful information for distinguishing vegetated benthic areas from non-vegetated 
or mixed substrates. This is consistent with the spectral behavior of photosynthetic 
vegetation, for which pigment absorption and canopy structure affect the red and red-
edge domains (Thorhaug et al., 2007; Caballero et al., 2020; C. B. Lee et al., 2023).  
 

 
The green band has a strong shallow-bottom signal but it is not obviously discriminant on 
its own, as both classes peak at that wavelength and their IQ95 overlap significantly. The 
same is true for coastal and blue bands which are a little bit more informative but still 
have some overlapping between classes. Both classes have low reflectance in the NIR, 
but the seagrass is still slightly higher than the non-seagrass, probably due to very 
shallow water, dense vegetation patches or mixed pixels. On the other hand, the SWIR 
band is close to zero for both classes and shows almost no direct class separation, as 
expected due to strong water absorption. 
 

Figure 18 - Aggregated Sentinel-2 spectral profiles of seagrass and non-seagrass pixels for the DSF version dataset. Lines 
are median Rrs values across all selected acquisition dates, while shaded bands show the IQ95 of pixel reflectance. 
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The RAdCor version dataset (Fig. 19) shows a very similar spectral pattern. The same 
green maximum, decrease towards NIR/SWIR and near-zero SWIR reflectance are 
observed. Seagrass is again generally brighter than non-seagrass from the green to the 
NIR bands, with the clearest visual separation in the red and red-edge regions. The 
comparison between DSF and RAdCor therefore indicates that the main spectral 
differences between the two classes were not created by a specific atmospheric 
correction approach, but were present in both corrected datasets. Apart from a slight 
difference around the green band, there is no major spectral change  DSF and RAdCor. 

 

Overall, these profiles show that seagrass and non-seagrass pixels differ spectrally, but 
with IQ95 overlap. Part of this overlap is expected in shallow tropical lagoons because of 
mixed pixels, water-depth variability, substrate heterogeneity and changes in water 
clarity (Section 3.4.2). However, it may also be reinforced by uncertainties in the 
reference map, because some pixels labelled as seagrass or non-seagrass may not 
correspond perfectly to their real field class. Despite this limitation, the main s pectral 
pattern remains coherent across both atmospheric correction approaches. The red and 
red-edge bands appear to provide the clearest class contrast, while the blue and green 
bands remain important for capturing the shallow-water bottom signal but are more 
strongly overlapping. At first glance, the choice between DSF and RAdCor does not 
strongly modify the general spectral behaviour of the two classes. This supports the use 
of multiple spectral bands and derived features rather than relying on a single reflectance 
band for seagrass classification.  

Figure 19 - Same as Figure 18, but for the RAdCor-corrected dataset. 
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4.1.2 Effect of atmospheric correction on feature distributions 
After the spectral behavior of seagrass and non-seagrass pixels (Section 4.1.1), we 
analyzed the effect of atmospheric correction on the feature space. This step is important 
because the classifier uses the corrected spectral bands and derived features as input. 
Therefore, changes caused by atmospheric correction can influence the separability and 
stability of the classes before any model comparison (Section 4.2). This effect is relevant 
in Anse-aux-Pins, because the lagoon is shallow, narrow and spatially heterogeneous. As 
explained in Sections 3.3.2 and 3.4.2, the signal measured by Sentinel-2 can be affected 
by water depth, bright sand, reef flats, land proximity, sun glint and residual atmospheric 
effects. RAdCor was developed to account for adjacency effects and surface 
heterogeneity, while DSF is the default ACOLITE atmospheric correction approach for 
aquatic applications (Vanhellemont, 2019; Castagna and Vanhellemont, 2025). 
 
For the native Sentinel-2 bands, the differences between RAdCor and DSF are generally 
limited in the visible domain (Fig. 20). B01, B02, B03, B04 and B05 are mostly centered 
close to zero, although small class-dependent differences were visible. RAdCor tended 
to slightly reduce reflectance in the coastal, blue and red-edge bands, especially for 
seagrass pixels. In contrast, the green and red bands showed very small median 
differences, suggesting that both correction methods produced similar values in the main 
visible wavelengths used for shallow-bottom detection. 

 

The largest changes among native bands are observed with B08 and B11. Both bands 
show negative differences, indicating lower values after RAdCor correction. This is 
coherent with RAdCor as it is intended to correct residual atmospheric, adjacency, 
surface or mixed-pixel effects especially in these wavelengths (Castagna & 
Vanhellemont, 2025). However, this result should only be interpreted as a modification 
of the feature space, not as evidence that one correction is better.  

Figure 20 - Relative difference between DSF and RAdCor for native bands of Sentinel-2. Boxplots show the distribution of 
RAdCor minus DSF for paired labelled pixels, separately for seagrass and non-seagrass classes. Values are aggregated over 
all selected Sentinel-2 acquisition dates. 
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The 6 most affected features (Fig. 21) from the feature set (Section 3.5) are shown 
separately, while the complete table of differences is provided in Appendix E. These 
features showed stronger relative differences than the native bands. DII_B02_B03 and 
MEAN3x3_DII_B02_B03 all increased under RAdCor, with a stronger shift for non-
seagrass than for seagrass. This shows that small changes in corrected visible bands can 
propagate into larger changes in depth-invariant indices. This is important because they 
are included to reduce water-column effects and improve discrimination (Section 3.5.1). 
 

 

Other features also show marked changes after RAdCor correction. MEAN3x3_NDWI 
increased for both classes, which is consistent with the decrease observed in B08. The 
standard deviation features, especially STD3x3_RATIO_B03_B02, STD3x3_DII_B02_B03 
and STD3x3_NDWI, also showed positive differences. This suggests that RAdCor did not 
only change average feature values, but also modified local spatial variability in the 
feature space. This may be linked to its correction of adjacency and surface 
heterogeneity effects, which are expected to be important in narrow and heterogeneous 
lagoons (Castagna & Vanhellemont, 2025). It also indicates that RAdCor modified the 
blue-green balance. Which is a very important spectral region because blue and green 
contain much of the information (Section 3.4.1).  
 

Overall, atmospheric correction modified the feature space in a feature-dependent and 
class-dependent way. Native visible bands are only moderately affected, while B08, B11 
and several derived features showed bigger differences. These results do not indicate 
whether DSF or RAdCor improves classification performance. They show that both 
corrections produce different input distributions, which may influence class separability, 
feature importance and model stability.  

Figure 21 - Top 6 most affected derived features between DSF and RAdCor. Boxplots show the distribution of RAdCor minus 
DSF for the derived features with the biggest difference between atmospheric correction methods. Values are aggregated 
across all selected Sentinel-2 acquisition dates. 
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4.1.3 Feature separability and temporal stability 
The selected features are analyzed according to two complementary criteria: their ability 
to separate seagrass from non-seagrass pixels and their stability across acquisition 
dates. This distinction is important because a feature can be very discriminative on one 
image but less useful for multi-temporal mapping if its distribution changes a lot between 
dates. For readability, only the most informative features are shown, the complete 
boxplot panels for all extracted features are in Appendix F. 
 
For the DSF version dataset, some of the clearest class separations are observed with 
blue-green derived features, especially RATIO_B03_B02, DII_B02_B03, IDX_B03_B02 and 
MEAN3x3_RATIO_B03_B02 (Fig. 22). These variables show a relatively consistent 
difference between seagrass and non-seagrass pixels across most dates. Seagrass 
pixels generally had higher B03/B02 ratios and higher IDX_B03_B02 values, while 
DII_B02_B03 values were lower. This confirms that the blue-green contrast provides an 
important spectral signal for detecting submerged vegetation, as expected from the 
optical basis (Section 3.4.1 and 4.1.1) that blue wavelengths are strongly influenced by 
water-column attenuation and substrate brightness, while the green band retains more 
bottom information in shallow water. In this lagoon, non-seagrass pixels, which include 
sand and mixed substrates, tend to remain relatively brighter in the blue band, whereas 
seagrass pixels show a stronger green relative signal. This explains why ratios and 
normalized contrasts between B02 and B03 are more discriminative than either band 
alone (Thorhaug et al., 2007; Cingano et al., 2024). 

   

   

   

   

   

   
            

             

    

    

    

    

    

    

           

    

   

   

   

   

           

   

   

   

   

   

                     

Figure 22 -  Boxplots of the features with the best class separability for DSF. Features were selected using the mean absolute 
normalized median difference between seagrass and non-seagrass pixels across dates. Dates are shown as MM-DD. 
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The behavior of MEAN3x3_RATIO_B03_B02 also suggests that spatial context helps 
stabilize the spectral signal. Compared with the raw ratio, the 3 × 3 mean keeps the same 
class contrast but reduces part of the pixel-scale variability. This is relevant for Sentinel-
2 because 10 m pixels can include mixed bottom types, small bare-sediment patches, or 
transitions between seagrass and non-seagrass areas. The 3 × 3 mean therefore probably 
captures the local coherence of meadow patches rather than only the spectral value of a 
single pixel. This explains why spatially averaged features can be useful in patchy lagoon 
environments, where seagrass boundaries are not perfectly aligned with the satellite 
pixel grid.  
 
The most temporally unstable DSF features show a different pattern (Fig. 23). B08, 
MEAN3x3_NDWI, B05 and RATIO_B05_B03 vary strongly between acquisition dates. B08 
remain close to zero for most dates, but increase strongly for seagrass pixels on some 
acquisitions, especially 10-06, 11-05 and 12-05. This is important because NIR 
reflectance should normally be strongly attenuated by water. High B08 values over pixels 
labelled as seagrass are therefore unlikely to represent a stable seagrass signal. They 
more probably indicate scene-specific effects such as very shallow water, residual 
sunglint, high bottom visibility, adjacency effects, mixed pixels, or remaining correction 
artefacts (Hedley et al., 2005; Vanhellemont, 2019).  

 

    

    

    

    

    

                

   

     

     

    

    

    

    

    

    

    

            

    

    

    

    

    

   

   

   

   

   

   

             

Figure 23 - Boxplots of the features with the highest temporal instability for DSF. Features were selected using the 
interquartile range across dates of the normalized class difference. Dates are shown as MM-DD. 
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The same applies to B05 and RATIO_B05_B03. The red-edge band can contain useful 
vegetation information and Section 4.1.1 showed that red and red-edge wavelengths 
contribute to class contrast. However, in submerged environments these wavelengths 
are also more attenuated by water than blue and green wavelengths. Their usefulness 
therefore depends on water depth, water clarity and acquisition conditions. This explains 
why RATIO_B05_B03 can show good separation on some dates but weaker separation on 
others. These features are therefore discriminative under favorable optical conditions, 
but less robust across the full multi-date dataset. 
 
MEAN3x3_NDWI also show temporal variability. Because NDWI uses the contrast 
between green and NIR reflectance and thus has the same sensitivity to scene-specific 
effects. Here, NDWI features appear more useful as indicators of scene conditions than 
as stable predictors of seagrass presence. Large changes in MEAN3x3_NDWI between 
dates may reflect differences in turbidity, sunglint residuals, depth-related bottom 
visibility or masking behavior rather than changes in benthic class. This supports the need 
to evaluate model performance with LODO-CV, because a model that relies too strongly 
on unstable features may perform well on some dates but generalize poorly on others. 
 
For the RAdCor version dataset, the same blue-green features also show high class 
separation (Fig. 24). RATIO_B03_B02, IDX_B03_B02 and MEAN3x3_RATIO_B03_B02 
remained higher for seagrass pixels, while DII_B02_B03 remained lower. This indicates 
that the main discriminative information was preserved after adjacency correction. The 
separation between classes is therefore not only an artefact of the DSF correction. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

    

    

    

    

    

    

    

    
      

             

    

    

    

    

    

   

   

           

    

   

   

   

   

   

           

    

    

    

    

    

    

    

                     

Figure 24 - Same as Figure 22, but for the RAdCor-corrected dataset. 
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Both atmospheric correction strategies retain the same general spectral basis for 
seagrass discrimination: the relative difference between blue and green reflectance.  
However, the RAdCor distributions were often wider than the DSF distributions. This is 
visible for RATIO_B03_B02 and MEAN3x3_RATIO_B03_B02, especially on 12-05, where 
both classes show larger dispersion. This suggests that RAdCor may increase some class 
contrasts, but also increase the spread of values under some acquisition conditions. One  
possible explanation is that adjacency correction modifies the blue and green bands 
differently depending on the surrounding land, reef flat, shallow sand or bright -water 
context. Since ratio features amplify relative differences between bands, small 
correction differences can produce larger changes in derived features. This is consistent 
with Section 4.1.2, where RAdCor had limited effects on most native visible bands but 
stronger effects on derived features. 
 
The RAdCor unstable features confirm that adjacency correction does not remove all 
temporal variability (Fig. 25). B08, B05, RATIO_B05_B03 and MEAN3x3_NDWI remained 
dependent to the date. This means that part of the instability is not only caused by 
adjacency effects, but also by other factors that are difficult to correct fully, including 
water-column variability, bottom visibility, residual sunglint, acquisition geometry, 
turbidity and mixed pixels. Thus, RAdCor should not be interpreted as automatically 
producing a more stable feature space. It may improve some aspects of the correction, 
but the resulting feature distributions still depend on the conditions of each Sentinel-2 
acquisition (Castagna and Vanhellemont, 2025). 
 

    

    

    

    

    

          

   

    

   

   

   

   

            

    

    

    

    

    

   

    

   

   

   

   

   

             

Figure 25 - Same as Figure 23, but for the RAdCor-corrected dataset. 
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Overall, both datasets identify the same main discriminative information, especially the 
blue-green contrast. This result shows that the separation between seagrass and non-
seagrass is not specific to one correction method. However, this separability should still 
be interpreted relative to the available reference classes, because the labels were 
extracted from a model-derived seagrass map rather than from independent field 
observations. Some overlap between classes, especially near meadow margins or mixed 
pixels, may therefore reflect both real spectral ambiguity and uncertainty in the reference 
map. 
 
Thus, the main difference between the two datasets is not the discriminative features but 
their temporal behavior. DSF tends to produce more compact and regular feature 
distributions. RAdCor sometimes improves the class contrast but also increases the 
dispersion. This means that the B02/B03 derived features provide the best trade -off 
between separability and temporal robustness in the classification analysis that follows. 
On the other hand, B08, B05 and NDWI features may still contain useful information for  
the classifier but should be interpreted with more caution as they seem to be more 
sensitive to specific acquisition conditions rather than to persistent presence of 
seagrass. This distinction is important for multi-temporal mapping, where the final model 
should detect seagrass consistently across dates rather than only maximize class 
separation under favorable conditions. 
 

4.1.4 Implications for classification 
The feature analysis shows that seagrass and non-seagrass pixels are spectrally 
different, but that their distributions is still overlapping. This confirms that seagrass 
mapping in optically shallow lagoons cannot rely on a single band, index, or threshold. 
Instead, it needs the combination of complementary features, including visible-band 
contrasts, spectral ratios, depth-related transformations and local spatial metrics 
(Section 3.5). This supports the use of machine-learning classifiers, which are better 
suited to non-linear and overlapping feature spaces in complex environments (Maxwell 
et al., 2018; Amone-Mabuto et al., 2024). 
 
The results also show that feature separability and temporal robustness are not 
equivalent. B02/B03 features appear to provide the most stable discriminative 
information, while B05, B08 and NDWI features are more sensitive to acquisition-specific 
conditions. In addition, DSF and RAdCor preserve the same main spectral signal but 
modify the feature space differently. The next step is therefore to test whether these 
differences affect classification performance, robustness across dates and threshold 
sensitivity (Section 4.2).  
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4.2 Sentinel-2 classification performance and pipeline selection 

4.2.1 Overall comparison of classification pipelines 
First, the classification results are evaluated at the complete level. Each pipeline is 
defined by the combination of one atmospheric correction method, one machine -
learning classifier and one probability thresholding strategy. This first comparison is 
necessary because the final binary seagrass maps depend on the interaction of these 
three components. Atmospheric correction modifies the input reflectance and features, 
the classifier determines how these features are separated and the threshold controls 
how probability outputs are converted into seagrass and non-seagrass classes. 
  

In total, we evaluated 12 configurations. The comparison is based primarily on Macro-F1, 
with F1_1 also reported to describe the performance for the seagrass class specifically.  
Additional performance metrics and the selected hyperparameters of the final trained 
configurations, are provided in Appendix G. The four model combinations are DSF + RF, 
DSF + XGBoost, RAdCor + RF and RAdCor + XGBoost. For each combination, three 
probability thresholds are tested: a fixed threshold of 0.5, a threshold optimized to 
maximize macro-F1 and a threshold optimized to maximize the F1-score of the seagrass 
class (Section 3.3.2, 3.6.2 and 3.6.4). All configurations are evaluated using the same 
nested LODO-CV strategy (Section 3.6.3), so that performance are estimated on 
acquisition dates not used during model training or hyperparameter tuning. 
 
Table 8 -Overall performance of the 12 Sentinel-2 classification configurations. 

Atmospheric 
correction 

Classifier 
Threshold 

strategy 
Selected 

Threshold 
F1 seagrass Macro-F1 

DSF 

RF 
Fixed 0.5 0.500 0.700 ± 0.077 0.801 ± 0.065 
Macro-F1 0.582 0.699 ± 0.066 0.808 ± 0.054 

F1_1 0.563 0.700 ± 0.067 0.807 ± 0.055 

XGBoost 
Fixed 0.5 0.500 0.701 ± 0.073 0.801 ± 0.062 
Macro-F1 0.586 0.703 ± 0.063 0.808 ± 0.048 

F1_1 0.565 0.702 ± 0.064 0.806 ± 0.051 

RAdCor 

RF 
Fixed 0.5 0.500 0.662 ± 0.134 0.761 ± 0.123 
Macro-F1 0.677 0.663 ± 0.124 0.773 ± 0.106 

F1_1 0.643 0.661 ± 0.123 0.768 ± 0.110 

XGBoost 
Fixed 0.5 0.500 0.673 ± 0.131 0.770 ± 0.122 
Macro-F1 0.655 0.669 ± 0.119 0.777 ± 0.102 

F1_1 0.635 0.673 ± 0.121 0.778 ± 0.105 
 
This overview gives the basis for the following sections, where the effects of atmospheric 
correction, classifier choice and threshold optimization are analyzed separately. 
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4.2.2 Effect of atmospheric correction 
Atmospheric correction is the first pipeline component evaluated separately because it 
acts before classification and modifies the feature distributions used by the models. As 
shown (Section 4.1.2), DSF and RAdCor produce the same general spectral behavior, but 
they affect some derived features differently. The objective here is therefore to test 
whether these differences translate into better classification performance. 
 
DSF produce higher mean Macro-F1 values than RAdCor for all classifier and threshold 
combinations (Fig. 26). With RF, DSF reaching Macro-F1 values between 0.801 and 0.808, 
while RAdCor ranges between 0.761 and 0.773. The differences is around 0.035-0.040 
depending on the threshold strategy. With XGBoost, the same pattern is observed: DSF 
ranges between 0.801 and 0.808, while RAdCor ranges between 0.770 and 0.778. The 
difference is slightly smaller than for RF, around 0.028-0.031, but remains consistent 
across the three threshold strategies. 

 
The error bars also show a clear difference in temporal stability. DSF has smaller 
standard deviations across the folds, while RAdCor shows wider variability for both RF 
and XGBoost. This indicates that RAdCor performance is more dependent on the 
acquisition date. This pattern is consistent with Section 4.1.2 and Section 4.1.3, where 
RAdCor modified some derived features more and sometimes increased the distribution 
of features. Thus, under the conditions of this study, DSF produced a feature space that 
agrees better and more consistently with the reference seagrass map. RAdCor remains 
theoretically relevant for heterogeneous coastal environments (Castagna and 
Vanhellemont, 2025), but in this dataset its additional correction does not improve 
classification performance and increase date-to-date variability in some features. 

Figure 26 - Effect of atmospheric correction on mean Macro-F1 ± standard deviation for DSF and RAdCor for each model. 
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4.2.3 Effect of the classification algorithm 
The effect of the classifier is then evaluated to determine whether the performance is 
improved by the learning algorithm after the upstream correction. 
 
Under DSF, RF and XGBoost produce almost identical Macro-F1 values (Fig. 27). With the 
fixed threshold, both classifiers reach 0.801. With the optimized Macro-F1 threshold, 
both reach 0.808 and with the optimized F1 seagrass threshold, RF reaches 0.807 while 
XGBoost reaches 0.806. The main difference is therefore not the mean performance, but 
the variability. XGBoost shows slightly smaller standard deviations than RF under DSF but 
the differences remains small and the error bars overlap. 
 
 For all threshold strategies under RAdCor, XGBoost performs slightly better than RF . 
Macro-F1 increases from 0.761 to 0.770 with the fixed 0.5 threshold, from 0.773 to 0.777 
with the optimized Macro-F1 threshold and from 0.768 to 0.778 with the optimized F1 
seagrass threshold. XGBoost also has a slightly lower variability than RF. Both classifiers 
are more variable in RAdCor than in DSF. 

Classifier choice has a smaller effect than atmospheric correction. RF and XGBoost give 
similar results under DSF, suggesting that the DSF feature space is already stable for both 
algorithms. Under RAdCor, XGBoost slightly improves performance and variability, 
possibly because it capture more complex decision boundaries. However, this 
improvement remains small compared with variability. In this thesis, XGBoost therefore 
appears a bit more adapted, especially because it also reduces computation time by 
about a factor of ten in this implementation. This makes it a practical candidate for the 
final workflow, even if the performance difference with RF is small. 

Figure 27 - Effect of classifier  on mean Macro-F1 ± standard deviation for DSF and RAdCor for each model. 
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4.2.4 Effect of threshold optimization 
After comparing atmospheric correction and classifier choice, the effect of threshold 
strategy is evaluated to determine whether the conversion from probabilities to binary 
seagrass maps affects model performance (Fig. 28). 
 

For the DSF pipelines, threshold optimization only slightly improves Macro-F1 compared 
to the fixed 0.5 threshold. With RF, Macro-F1 improves from 0.801 to 0.808 with the 
Macro-F1 optimized threshold and to 0.807 with the F1 seagrass threshold. With 
XGBoost, Macro-F1 also improves from 0.801 to 0.808 with Macro-F1 optimization, while 
the F1 seagrass threshold gives a similar value of 0.806  The optimized DSF thresholds are 
just above 0.5, ranging from 0.56 to 0.59. For the RAdCor pipelines, threshold 
optimization also improves Macro-F1, but variability remains higher. With RF, Macro-F1 
is increased from 0.761 to 0.773 with Macro-F1 optimization and the F1 seagrass 
threshold is 0.768. With XGBoost, Macro-F1 goes up to 0.777-0.778 from 0.770. 
 

 

Threshold optimization slightly improves Macro-F1, but it did not change the main 
structure. The Macro-F1 optimized threshold seems to be the most appropriate for this 
thesis as the goal is not only to detect seagrass pixels but also to keep a comparable 
discrimination between seagrass and non-seagrass. F1 seagrass optimization is also 
useful when the objective is to maximize the performance with respect to seagrass-class, 
but it may be less appropriate for balanced mapping if it induces more confusion with 
non-seagrass pixels. Hence, the threshold choice should be related to the mapping 
objective and should not be interpreted as globally optimal. Macro-F1 optimization 
provides the best trade-off for the final pipeline between seagrass detection, non-
seagrass discrimination and temporal robustness. 

Figure 28 - Effect of threshold strategy  on mean Macro-F1 ± standard deviation for DSF and RAdCor for each model. 
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4.2.5 Selection of the final Sentinel-2 classification pipeline 
Among the tested configurations, DSF models consistently shows higher and more stable 
performance than RAdCor models (Section 4.2.2), while XGBoost shows similar or 
slightly better performance than RF and is faster to run in this implementation (Section 
4.2.3). The Macro-F1 optimized threshold also provides the most balanced compromise 
between seagrass detection and non-seagrass discrimination (Section 4.2.4). Based on 
these comparisons, the final pipeline selected for the time-series analysis and 
transferability assessment is DSF + XGBoost with the Macro-F1 optimized threshold. 
 

The selected pipeline has a mean Macro-F1 of 0.808 ± 0.048 and a mean F1 seagrass of 
0.703 ± 0.063 over the outer LODO-CV folds. These values are among the highest of the 
tested configurations, but the choice is not based only on the maximum score. It is also 
based on the lower variability compared with RF, the slightly better seagrass F1 and the 
practical advantage of faster computation. The selected threshold is 0.586, which is a 
little above the standard 0.5 threshold. This confirms that a slightly more conservative 
threshold balances the detection of seagrass with avoiding too many false seagrass 
detections. 
 

The confusion matrix of the selected pipeline shows the same trade-off (Tab. 9). Most 
non-seagrass pixels are correctly classified, with 188,883 TN and 25,434 FP. For the 
seagrass class, 42,775 pixels were correctly detected, while 10,510 pixels were classified 
as non-seagrass. This corresponds to a seagrass precision of about 0.63 and a seagrass 
recall of about 0.80. The model therefore detects most reference seagrass pixels, but still 
includes some pixels labelled as non-seagrass in the reference map. Here, this behavior 
is acceptable because the objective is to reconstruct mapped seagrass extent through 
time without using a too restrictive model that would miss marginal or sparse seagrass. 
 

Table 9 - Confusion matrix of the selected classification pipeline (DSF + XGBoost + Macro-F1 optimized) 

 Predicted Non-Seagrass Predicted seagrass 

Actual  
Non-seagrass 

188,883 25,434 

Actual  
Seagrass 

10,510 42,775 

 

However, the confusion matrix is an agreement with the available reference map, not a 
direct field accuracy assessment. Some apparent FP or FN may actually correspond to 
uncertainties in the reference map itself. Therefore, the real field performance could be 
higher or lower than the reported values, depending on the spatial accuracy of the 
reference labels. This point is important for the interpretation of the temporal analysis 
and transferability results, where model outputs are considered as mapped seagrass 
extent rather than direct field observations. 
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The feature contribution of the selected model is consistent with the feature analysis in 
Section 4.1 (Fig. 29). The two most important predictors are MEAN3x3_RATIO_B03_B02 
and IDX_B03_B02, contributing about 27.1% and 20.7% of total feature importance. Both 
features describe the blue-green contrast, confirming that this spectral region provides 
the main discriminative information. The high contribution of the 3 × 3 mean ratio also 
shows the importance of local spatial context in a patchy lagoon environment, where 
individual Sentinel-2 pixels can contain mixed substrates. 

Other contributing features are B11, MEAN3x3_NDWI, RATIO_B05_B03, 
MEAN3x3_DII_B02_B03 and B08. These features probably provide complementary 
information on shallow-water conditions, spectral contrast related to vegetation and 
local spatial variability. However, some features that appear discriminative in Section 4.1 
have low contribution in the final model. This means that some of the feature set has 
redundant information. Correlated predictors in tree-based models can share or mask 
importance (Chen & Guestrin, 2016; Maxwell et al., 2018). Thus, future work could test 
feature selection, correlation filtering, or feature ablation to determine whether a smaller 
and less redundant feature set could improve model stability and also transferability. 
 
Overall, the selected DSF + XGBoost + Macro-F1 threshold pipeline provides the best 
compromise between performance, temporal robustness, computation time and 
interpretability for this thesis. It is therefore used for the Anse-aux-Pins time-series 
analysis in Section 4.3 and for the exploratory transferability assessment in Section 4.4. 
Future work on the feature set could improve model stability and also transferability.  

       

              

               

                      

               

                 

              

              

              

      

                      

                

               

      

              

                        

   

   

   

   

   

   

   

   

   

   

   

   

   

    

    

       

                 

       

                

                        

               

       

                

                

               

       

       

               

               

       

               

   

   

   

   

   

   

   

   

   

   

   

   

   

   

   

                                  

                   

                

           

          

                     

               

Figure 29 - Feature contribution of the selected  classification pipeline. Relative feature importance of the final DSF + 
XGBoost model with the Macro-F1 optimized threshold. 
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4.3 Sentinel-2 time-series analysis at Anse-aux-Pins 
In this section, we use the selected DSF + XGBoost pipeline to map seagrass extent at 
Anse-aux-Pins, following the probability-based framework described in Section 3.7. 

4.3.1 Temporal coverage and valid observations 
Before interpreting seagrass area trends or gain/loss maps, the temporal and spatial 
reliability of the Sentinel-2 archive must be assessed. Optical monitoring of shallow 
coastal habitats depends not only on model performance, but also on the number of valid 
observations kept after preprocessing, cloud masking, sunglint correction and 
land/deep-water masking (Section 3.3). 
 

The temporal distribution of valid observations is uneven through the archive (Fig. 30). 
Valid Sentinel-2 observations start in 2016, while 2026 is only available until May. These 
two years are therefore incomplete and should not be directly compared with full years 
such as 2018-2025. At the monthly scale, most months contain between one and six valid 
observations, with a one month reaching seven observations. However, some months 
contain no valid image, showing that the time series is not perfectly regular.  

At the annual scale, the number of valid observations increases after 2016 with the arrival 
of Sentinel-2B in addition to Sentinel-2A (Section 3.2.1) and is quite good for most 
complete years. This confirms that the Sentinel-2 archive provides a useful basis for long-
term monitoring, but also shows that he density of sampling varies between years. The 
years with many valid observations are more robust because here are more acquisition 
conditions in the annual composites. In contrast, years with fewer acquisitions are more 
sensitive to individual scenes and may be biased if the available images were acquired 
during a specific season, after rainfall, under higher turbidity, or with residual sunglint.  

Figure 30 - Temporal distribution of valid Sentinel-2 observations used for the Anse-aux-Pins time series. Points and lines 
represent the number of valid observations per month after preprocessing and masking, while grey bars show annual totals.  
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The spatial distribution of valid observations is also uneven (Fig. 31). Most of the central 
lagoon reaches high observation counts, generally around 250-320 valid observations 
over the full time series. This indicates that the main shallow-water area used for 
seagrass monitoring is well represented. Persistent seagrass patterns detected in this 
central zone can therefore be interpreted with relatively high confidence. 

 

Lower counts are observed close to the coastline, likely due to shallow sandbeds being 
falsely detected by the cloud mask and removed during preprocessing. These areas 
should therefore be interpreted with caution, as fewer valid observations are available 
near the coast and along some meadow margins. These zones may reflect masking errors 
over bright sandy bottoms rather than true ecological dynamics during analyses . As a 
perspective, future processing can mitigate this issue by tuning cloud-mask parameters. 
 

The Sentinel-2 archive is enough for the analysis of long-term seagrass dynamics at Anse-
aux-Pins, especially between 2018 and 2025 and in the central lagoon. However, we 
should take its temporal and spatial heterogeneity into account when interpreting the  
following results. This supports the use of monthly and annual aggregation (Section 3.7.1 
and 3.7.2), as these composites reduce the influence of individual images affected by 
residual clouds, sunglint, turbidity or masking artefacts. Thus long-term and spatially 
persistent patterns are more robust than isolated changes observed in incomplete years 
or low-observation areas.  

Figure 31 - Spatial distribution of valid counts of Sentinel-2 acquisitions over the Anse aux Pins lagoon. Pixel values 
indicate the number of valid observations after preprocessing and masking. Higher values indicate area where seagrass 
predictions and change maps are expected to be more reliable. 
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4.3.2 Chronological evolution 
The chronological evolution of satellite detected high-confidence (𝑝 ≥ 0.75) seagrass 
area at Anse-aux-Pins shows strong variability between 2016 and 2026 (Fig. 32). As 
discussed (Section 4.3.1), the first and last years of the archive are incomplete and 
should therefore be interpreted cautiously. The seagrass area does not follow a simple 
trajectory. Instead, it shows repeated phases of expansion and contraction, with most 
monthly estimates ranging between approximately 0.5 and 1.0 km². Several isolated 
peaks exceed 1.2 km², especially around 2017, 2020-2021 and 2023-2024. 

The smoothed curve suggests a slight overall increase over the full period, from about 0.7 
km² in 2016 to approximately 0.8-0.9 km² in 2026. But this tendency is small compared to 
the size of seasonal and interannual fluctuations. There are some apparent declines 
along the trajectory, especially between 2017 and 2019, in 2022 and after the 2023-2024 
maximum. We can see the same pattern in the rate-of-change panel, with positive 
phases around early 2020, early 2021 and late 2023-early 2024 and negative phases 
around 2017, late 2019, 2022 and 2024-2025. 
 
Some anomalies are close to major climate events in the Indian Ocean. The 2019-2020 
and 2023-2024 periods coincide with positive Indian Ocean Dipole (IOD) phases, which 
are associated with warmer conditions and higher sea level in the WIO, while the eastern 
Indian Ocean (EIO) becomes cooler and has lower sea level  (NASA/JPL, 2026).  

Figure 32 - Chronological evolution of high-confidence (𝑝 ≥ 0.75) mapped seagrass area at Anse-aux-Pins from 2016 to 
2026. The points are monthly estimates from Sentinel-2. The solid line is the smoothed temporal trajectory and the shaded 
envelope the 89% bootstrap confidence interval. The bottom panel shows the estimated rate of change, positive values 
mean apparent expansion, negative values mean apparent contraction. 
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This regional context is important because seagrass meadows are sensitive to 
temperature, water depth and light availability. Warmer water can increase physiological 
stress and higher water levels, changed currents or sediment resuspension can reduce 
light reaching the canopy (Short & Neckles, 1999; Zabarte-Maeztu et al., 2021a). However 
this does not demonstrate that the IOD was responsible for the changes mapped at Anse -
aux-Pins, because the time series alone cannot distinguish between climatic effects and 
local or methodological variability. 
 
The 2020-2023 period followed several La Niña phases, which are part of the El Niño-
Southern Oscillation (ENSO) (NOAA CPC, 2026b). La Niña is usually associated with the 
cool phase of ENSO in the tropical Pacific, but it can also affect the global atmospheric 
circulation and rain and temperature patterns. In the present time series this period 
corresponds to relatively high mapped seagrass extent and several positive phases in the 
rate-of-change curve . This doesn't mean direct benefits of La Niña to seagrass condition 
at Anse-aux-Pins but it provides useful climatic context before the change towards El 
Niño conditions in 2023-2024. 
 
The 2023-2024 period also occurred during El Niño conditions, which are part of ENSO 
(NOAA CPC, 2026b), which can influence temperature and rainfall patterns globally, 
although local effects vary between regions. This does not demonstrate causality, but it 
provides a climatic context for interpreting the 2023-2024 peak and the following 
apparent decline. The decline after 2023-2024 should also be interpreted in relation to 
exceptional regional ocean conditions. The WIO experienced severe coral bleaching in 
2024, associated with El Niño, positive IOD conditions and record global temperatures 
as combined drivers of record-high sea surface temperatures (SST)  and thermal stress 
(ICRI/CORDIO, 2024). These stressors can affect seagrass directly through thermal 
stress and reduced productivity, or indirectly through reef degradation, where present, 
wave attenuation changes, sediment mobility and water-quality degradation (Hughes et 
al., 2017; Short & Neckles, 1999; Zabarte-Maeztu et al., 2021b). (Because reef condition 
was not assessed at Anse-aux-Pins, this indirect reef-related pathway cannot be 
confirmed locally.) 
 
In addition to possible ecological stress, these climatic anomalies may also affect the 
detectability by modifying water clarity, turbidity, water depth or bottom visibility (Section 
3.4.2). The decline after 2023-2024 should therefore be interpreted with caution, as a 
potential combination of ecological stress, changing observation conditions and 
classification uncertainty, rather than as confirmed seagrass loss. 
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Other changes are less clearly linked to large-scale climate events. For example, the 
decrease between 2017 and 2019 occurs before the strong 2019 positive IOD episode. 
This suggests that local or methodological factors were also involved, such as sediment  
redistribution, rainfall-driven turbidity, seasonal wind exposure, coastal works, cloud-
mask errors, classification uncertainty, or differences in valid image availability. These 
factors are relevant in Seychelles because erosion, flooding and coastal vulnerability are 
identified as major management concerns for the country’s low-lying coastal zones 
(Government of Seychelles, 2019) 
 

At the time of writing, climate forecasts also indicated a high probability of a new El Niño 
event developing into late 2026 and early 2027. NOAA CPC reported a 82% probability of 
El Niño emergence during May-July 2026 and a 96% probability of persistence during 
December 2026-February 2027, while WMO also indicated that El Niño conditions were 
expected to develop from mid-2026 forward (NOAA CPC, 2026a; WMO, 2026). Continued 
observations after 2026 could help assess whether a new ENSO event, potentially 
combined with positive IOD conditions or regional marine heat stress, affects the 
mapped seagrass extent at Anse-aux-Pins. Future monitoring should evaluate if the 
persistent mapped core remains stable, if marginal areas contract or expand and if the 
seasonal envelope identified in Section 4.3.3 shifts under new climatic conditions. 
 

Thus, this figure suggests Anse-aux-Pins is a dynamic lagoon system with strong 
seasonal-to-interannual variability and a weak increasing trend in high confidence 
seagrass area. Major peaks and apparent declines may coincide with IOD, ENSO or 
regional marine heat-stress periods, but they should also be interpreted in relation to 
local processes, observation conditions and classification uncertainty. However, these 
results should be interpreted as a satellite estimate of seagrass area and not a direct 
estimate of seagrass cover, density or biomass.  
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4.3.3 Seasonal cycle 
After the chronological analysis of mapped seagrass extent (Section 4.3.2), the seasonal 
analysis was used to identify the average intra-annual signal at Anse aux Pins. This 
analysis combines two outputs: the aggregated monthly seasonal curve and the 
February-October seasonal envelope map. Together, they describe when the mapped 
meadow expands or contracts during the year and where this seasonal variability occurs. 
 
The aggregated seasonal curve shows an annual cycle in high-confidence (𝑝 ≥ 0.75) 
seagrass extent (Fig. 33). Over the 2016-2026 period, the highest mean extent happens at 
the beginning of the year, with a maximum around February of approximately 0.9-0.95 
km². From March onwards, the extent gradually decreases and reaches a minimum 
around September-October, at approximately 0.6-0.65 km². It then increases again from 
October to December-January. The rate-of-change panel confirms this pattern, with 
negative values from March to September and positive values from October to February. 

 
The timing of maximum is important because the mapped seagrass extent peaks around 
February, while the annual SST maximum generally occurs later, around April. Therefore, 
the seasonal cycle is not directly in phase with the SST maximum. This means that 
temperature alone is not the cause for the observed pattern. Instead, the February 
maximum is a combination of seasonal meadow development and better detectability 

Figure 33 - Monthly seasonal cycle of high-confidence (𝑝 ≥ 0.75) mapped seagrass extent at Anse aux Pins from 2016 to 
2026. Upper panel is the mean monthly high-confidence seagrass extent, with an 89% bootstrap confidence interval from 
interannual variability and threshold sensitivity. The lower panel is the mean rate of change, showing the average periods 
of seasonal contraction and expansion. The curve is seasonal signal in extent and should not be interpreted as a direct 
seagrass biomass. 
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(i.e., lower turbidity, better light penetration, reduced sediment resuspension, more 
favorable water-column conditions and increased continuity of marginal seagrass). On 
the other hand, the decline towards September-October could be due to a decrease in 
detectability or continuity of marginal areas, for example because of turbidity related to 
rainfall, sediment dynamics, hydrodynamic disturbance or lower optical penetration. 
 

The February-October envelope map shows that this seasonal signal is mainly located 
around the margins of the persistent meadow (Fig. 34). A large part of the central and 
southern coastal meadow remains classified as stable seagrass, meaning that it is 
detected during both seasonal peaks. In contrast, February expansion areas are mainly 
located along the offshore edge and in parts of the central and northern study area. In the 
central part between 4,710° and 4,725°, this zone overlaps with areas later identified as 
long-term recovery up to 2026 (Section 4.3.5). However, because the seasonal map is 
based over the full 2016-2026 period, it does not show this recovery process directly. 
Instead, it indicates that these areas belong to the seasonal envelope of the meadow, 
where seagrass expression is more variable through the year. The seasonal maximum 
should therefore be interpreted as a potential high-season envelope, corresponding to 
areas where seagrass may expand, become denser, or become more detectable during 
the favorable season, rather than as an average expansion area. Areas classified as 
contraction from October are very limited and almost invisible at the scale of the map, 
suggesting that this class should not be over-interpreted. 
 

Figure 34 - Seasonal envelope of high-confidence (𝑝 ≥ 0.75) mapped seagrass extent at Anse-aux-Pins, showing the 
potential zone where seagrass may expand during the seasonal maximum relative to the seasonal minimum. 
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This spatial structure is ecologically relevant. The stable seagrass core likely represents 
the most persistent part of the meadow, because it remains detectable across different 
seasonal conditions. These areas may therefore be considered candidate priority zones 
for conservation, monitoring and protection. They probably provide the most continuous 
habitat function through the year and supports long-term ecosystem services such as 
habitat provision, sediment stabilization and carbon storage. 
 

February expansion zone means something else. It represents the seasonal envelope of 
the meadow, where the presence of seagrass seems to be more variable, fragmented or 
sensitive to environmental conditions. These are marginal areas and may be sparse or 
edge seagrass which is more continuous or detectable during favorable periods. Since 
the reference data were collected during the October-November period, close to the 
seasonal minimum, these February expansion areas should be interpreted with more 
caution than the stable core, since they may partly reflect seasonal changes in 
detectability related to turbidity, water depth, sediment resuspension or acquisition 
conditions. But from a management point of view it should not be forgotten. Even if they 
are more uncertain than the persistent core, meadow margins could be zones of potential 
expansion, seasonal habitat availability and ecological connectivity. They could also 
serve as early warning areas, because changes in these margins could show stress or 
recovery before changes are seen in the persistent core. The most useful approach 
therefore would be to take the persistent core as the main conservation baseline, but to 
use the seasonal envelope as a target area for monitoring and future validation. 
 

Overall the seasonal analysis shows a stable seagrass core surrounded by a more 
dynamic marginal envelope. Results should be interpreted as a seasonal signal in 
mapped extent rather than a direct measurement of seagrass biomass. But this does not 
reduce the ecological importance of the pattern. Rather it shows that the February 
maximum and September-October minimum probably represent a combination of true 
meadow dynamics, seasonal detectability and timing of reference data. Thus, this 
seasonal baseline is critical to separate long-term change from typical intra-annual 
variability and identifying where should be prioritized for protection, monitoring or 
targeted field surveys. 
 

4.3.4 Annual distribution 
The annual maps provide a spatial complement to the chronological and seasonal 
analyses (Sections 4.3.2 and 4.3.3). While the previous subsections showed temporal 
changes in mapped seagrass area, the annual maps show where the persistent seagrass 
structures (𝑝 ≥ 0.75 ) are in the lagoon. Three representative years were selected: 2017 
for the early Sentinel-2 period, 2021 for the reference map period and 2025 for the recent 
period. The full annual map series from 2016 to 2026 is provided in Appendix H. 
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The three maps show that a seagrass core was repeatedly detected along the coastline 
of the lagoon, making a narrow meadow band (Fig. 35). In 2017, this core was already 
visible, with continuous patches in the northern and central sectors and a second 
important patch in the southern part of the bay. However, the central-southern section 
was more discontinuous, with several gaps and fragmented patches. In 2021, the 
meadow appeared more spatially coherent, especially in the northern and central 
sectors, where the seagrass belt was broader and more connected. This year is useful as 
a spatial consistency check with the reference map period, but it should not be 
considered a fully independent validation because the same period contributed to model 
development or evaluation. In 2025, the persistent core remained present along most of 
the same coastal zone, although the meadow appeared more irregular, with more 
internal gaps and a less regular offshore boundary. 
 

 
The maps show that Anse-aux-Pins has a persistent seagrass core that is detected 
repeatedly over time. This supports the interpretation that the mapped meadow is not 
composed of temporary or seasonal detections only but a stable coastal habitat . These 
shallow Seychelles lagoons are known to support extensive seagrass meadows (C. B. Lee 
et al., 2023; Rowlands, 2024). The main inter-annual differences are at the margins of the 
meadow, in particular along the offshore edge and in the central/northern sector.  

Figure 35 - Annual core seagrass (𝑝 ≥ 0.75) maps for a) 2017, b) 2021 and c) 2025 at Anse-aux-Pins. Green pixels are 
annual core seagrass, light blue pixels are mapped non-seagrass. The selected years are the early Sentinel-2 period, the  
reference-map period and the recent period. 

a) b) c) 
2017 2021 2025 
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Margins are more sensitive to changes in water depth, turbidity, substrate reflectance, 
canopy density, mixed pixels and classification threshold effects (Cingano et al., 2024; 
Lizcano-Sandoval et al., 2025; Unsworth et al., 2019). Therefore, small single-year 
differences should not be over-interpreted as direct ecological gain or loss.  
 
Overall, the comparison between 2017, 2021 and 2025 suggests a strengthening or 
reorganization of the meadow structure in the central to southern part of the AOI. This 
area was less to not at all present in 2017, became more present in 2021 and developed 
more in 2025. However, because these maps represent annual high-confidence core 
seagrass, they mainly describe persistent meadow structure and do not fully capture 
short-term seasonal expansion zones. This spatial overview is therefore used in the next 
subsection to examine long-term recovery and loss patterns. 

4.3.5 Recovery and spatial change between 2016-2018 and 2024-2026 
The recovery/loss analysis complements the annual maps (Section 4.3.4) by focusing 
directly on pixels that changed status between the start and the end of the time series. 
Instead of annual map of seagrass, it shows where high-confidence seagrass (𝑝 ≥ 0.75) 
remained stable, increased, or decreased between 2016-2018 and 2024-2026 (Fig. 36) 

Figure 36 - Long-term seagrass recovery/loss between 2016-2018 and 2024-2026. The map shows persistent seagrass (𝑝 ≥
0.75), recovery/gain and loss/degradation, with the main recovery zone located in the central to southern AOI.  
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The clearest satellite detected change is the apparent recovery observed in the central to 
southern part of the AOI. In this sector, recovery forms a coherent extension connected 
to the persistent meadow. This pattern is more informative than the smaller isolated gain 
pixels because it is spatially structured and directly adjacent to the stable seagrass area. 
Apparent loss is also visible, especially in the northern part of the meadow, where it 
happens along the margin of the persistent seagrass. Although smaller than the 
central/southern recovery zone, this pattern remains relevant because it may indicate a 
less stable meadow edge. These loss margins could therefore be considered as a priority 
area for future monitoring or field verification. The central/southern recovery pattern 
could also be linked to local coastal modifications. Dr Jérôme Harlay (Pers. Comm.) 
suggested in discussions that coastal works in this sector may have modified local 
hydrodynamics, potentially disturbing the meadow first and then allowing progressive 
recolonization or more consistent satellite detection as conditions stabilized. However, 
this interpretation remains hypothetical, because no independent hydrodynamic 
dataset, historical engineering record, or recent field validation was available to test it 
directly. These spatial changes agree with the smoothed curve (Section 4.3.2) that 
suggested a weak increase in mapped seagrass extent from about 0.7 km² in 2016 to 
about 0.8-0.9 km² in 2026. The central/southern recovery zone may explain part of this 
increase, while the northern marginal loss shows that the change is not spatially uniform. 
 

This suggests a spatial reorganization of mapped seagrass, with recovery in the 
central/southern margin and localized apparent loss in the northern margin. This should 
still be interpreted as satellite detected change, not as direct proof of ecological recovery 
or degradation.  
 

4.3.6 Synthesis: temporal patterns and implications for transferability 
The Anse-aux-Pins analysis is the reference framework for the transferability analysis. 
This primary site produced a number of coherent spatial and temporal patterns with the 
model that was selected: a persistent mapped seagrass core, a mapped extent 
chronological trajectory, a seasonal cycle, a seasonal marginal envelope and a spatially 
organized recovery/loss pattern. Together, these results illustrate what coherent model 
behavior looks like at the site where reference data is available. 
 

For Section 4.4, the objective is therefore not specifically to verify whether the model 
predicts seagrass at the secondary sites. But also to assess if similar types of spatial and 
temporal structures can be observed, including persistent cores, seasonal cycles, 
seasonal envelopes, chronological trajectories and coherent changes through time. The 
transferability analysis will therefore evaluate not only whether seagrass is predicted, but 
also whether the predictions form ecologically plausible, spatially coherent and 
temporally interpretable patterns when the model is applied to other Seychelles lagoons.  
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4.4 Transferability to secondary Seychelles seagrass sites 
The optimized pipeline was applied to the four secondary sites (Section 3.1.2), with site 
locations shown in Fig. 13. in order to evaluate if the Sentinel-2 workflow developed at 
Anse-aux-Pins can be extended to other Seychelles reef-lagoon systems . No field 
observation data were available for these sites and so this analysis should not be taken 
as a validation of seagrass maps for Côte d’ r,  rande Anse, Sainte Anne and  aie Sainte 
Anne. Instead, the goal is to evaluate the transferability of the existing classifier trained 
on Anse-aux-Pins. The methodology is transferable itself, as the same pre-processing, 
feature extraction, classification and temporal aggregation steps can be applied to all the 
sites. So the main question is “how well does the classifier generalize outside the training 
site?” and “what additional training data would be needed to scale the method more 
robustly over the Seychelles EEZ?”. 
 

4.4.1 Observation availability and spatial reliability 
Before analyzing the transferred seagrass predictions, the spatial distribution of valid 
Sentinel-2 observations is checked for the four secondary sites (Fig. 37). This figure 
follows the same logic as Section 4.3.1, where lower valid counts are mainly observed 
close to the coastline and are interpreted as a possible effect of cloud-mask over removal 
of bright shallow sand pixels. 

 Figure 37 - Spatial distribution of valid Sentinel-2 observation counts at the four secondary sites. Pixel values indicate the 
number of valid observations after preprocessing and masking. Higher values indicate area where seagrass predictions and 
change maps are expected to be more reliable. 
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Most lagoon areas at the secondary sites show good valid-observation coverage. This 
indicates that the Sentinel-2 archive and the preprocessing workflow are sufficient to 
generate multi-temporal prediction products outside Anse-aux-Pins. In this sense, the 
observation availability supports the technical transferability of the workflow to other 
Seychelles reef-lagoon systems. However, lower counts are again found near coastlines, 
island margins and shallow lagoon edges. This pattern is visible at Sainte Anne and Baie 
Sainte Anne, but is especially clear at Côte d’ r and  rande Anse, where the nearshore 
beach zones show more irregular observation counts. These areas are the most optically 
difficult parts of lagoons, where bright sand, very shallow water, tide-related exposure or 
submersion and high bottom reflectance affect cloud masking and preprocessing.  
This result does not limit the transferability of the method itself, but highlights an 
important condition to scale the workflow more robustly. The current pre-processing 
chain works well in most lagoon interiors, but very shallow and bright coastal areas need 
to be masked more carefully or adjusted by site-specific methods. Thus, predictions in 
areas with consistently observed lagoons can be interpreted with more confidence and 
predictions near low-count shorelines should be treated with more caution. Improving 
cloud and shoreline masking in bright shallow-water environments would be a key step 
to increase spatial reliability across heterogeneous lagoons for future application at the 
scale of the Seychelles EEZ. 
 

4.4.2 Spatial coherence and site-specific generalization 
After the valid-observation count analysis, the transferred predictions were compared 
with the MACCE reference map, the model-derived national seagrass cartography 
product (Fig. 9), and the Sentinel-2 satellite image for each secondary site (Figs. 38-41). 
As the original reference shapefile was unavailable, only screenshots of the reference 
maps were used for qualitative visual comparison. The objective is not to validate, but to 
assess if the model produce spatially coherent seagrass maps outside Anse-aux-Pins.  

Figure 38 - Spatial transferability overview at Sainte Anne. The figure compares a) the transferred DSF + XGBoost + Macro-
F1 mapped seagrass predictions with b) the MACCE reference map and c) the 2025-07-12 Sentinel-2 satellite image. 

a) b) c) 
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At Sainte Anne, the transferred model shows the most coherent spatial pattern (Fig. 38). 
Mapped seagrass is mainly located around and between the islands, in shallow lagoon 
and reef-flat areas. This is broadly consistent with the MACCE reference map and with 
the satellite image. Some differences remain near island margins, where the model 
sometimes detects mapped seagrass that is less visible in the reference map and 
sometimes misses areas mapped as seagrass in the reference. However, the satellite 
image suggests that several of these differences occur in areas, where depth and water 
clarity may change from Anse-aux-Pins. The general structure looks like a meadow and is 
spatially plausible. Sainte Anne therefore shows to be the strongest transferability case. 
 
At Côte d’ r, the classifier shows a seagrass band parallel to the coast (Fig. 39). This 
pattern is partly coherent because it follows the shallow lagoon structure. However, the 
model also shows a clear shoreline problem. Mapped seagrass follows the bright beach 
zone almost continuously, whereas the reference map is more patchy and located 
slightly farther offshore. The satellite image supports the idea that this nearshore area is 
affected by bright sand, very shallow water and tide-related exposure or submersion. 
Thus, Côte d’ r is a partial transferability case. Some offshore and lagoonal detections 
may be plausible, but predictions close to the beach should be interpreted with caution. 

 Figure 39 - Spatial transferability overview at Cote d’Or. The figure compares a) the transferred DSF + XGBoost + Macro-
F1 mapped seagrass predictions with b) the MACCE reference map and c) the 2025-07-12 Sentinel-2 satellite image. 

a) 

b) 

c) 
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At Grande Anse, he spatial coherence of the transferred predictions is weaker (Fig. 40). 
The classifier mainly detects mapped seagrass along the coast and lagoon edges, while 
much of the inner-lagoon seagrass shown in the reference map is weakly detected or 
absent. Some detections, especially along bright shallow substrates or reef-sand 
mixtures, appear questionable when compared with the Sentinel-2 image. This suggests 
that the current classifier does not fully capture the optical or ecological state of Grande 
Anse. The weaker result does not indicate that the workflow cannot be applied to this site, 
but rather that the Anse-aux-Pins training dataset does not sufficiently represent this 
lagoon configuration or seagrass signal.  

The spatial result of Baie Sainte Anne is the most uncertain (Fig. 41). The transferred 
classifier only poorly detects the main inner-bay seagrass area visible in the reference 
map. Instead, detections are concentrated along the margins of the bay where optical 
confusion with shallow substrate, turbidity or mixed bottom types is more likely to occur. 
Some differences between transferred predictions and reference map, in this case, may 
reflect both classifier limitations and ecological differences between sites. Baie Sainte 
Anne should thus be read as the weakest transferability case of the four secondary sites. 

a) b) 

c) 

Figure 40 - Spatial transferability overview at Grande Anse. The figure compares a) the transferred DSF + XGBoost + Macro-
F1 mapped seagrass predictions with b) the MACCE reference map and c) the 2025-07-12 Sentinel-2 satellite image. 



Peugeot Mattis  Results & Discussions 

UCLouvain – Master Thesis  67 

Site-dependent differences can be explained by several uncertainties. First, secondary 
sites were not validated in-situ thus the comparison with the MACCE reference map and 
Sentinel-2 image is still a test of spatial coherence and not an independent qualit y 
analysis. Second, the model was trained from pixels extracted from a reference map, 
which may itself contain errors. If some training pixels did not correspond to true 
seagrass observations, the classifier may have learned part of this uncertainty and 
transferred it to other sites. Third, the secondary lagoons differ from Anse -aux-Pins in 
morphology, depth, substrate brightness, water clarity, tide influence and seagrass 
species composition. These factors are important because seagrass mapping is affected 
by the combined signal of the water column and the benthic substrate (Section 3.4) 
Future work should therefore aim to build a training dataset based on field observations, 
from as much lagoons, tide levels, depths, substrates and seagrass species as possible. 
 

The four sites show a clear gradient of spatial coherence. Sainte Anne shows strong 
classifier generalization, Côte d’ r shows partial generalization with important shoreline 
confusion and Grande Anse and Baie Sainte Anne show weaker agreement with the 
reference map and satellite image. This gradient is a useful result for scaling the method 
to the Seychelles EEZ. It shows that the workflow can be applied to different reef-lagoon 
systems, but that robust spatial generalization requires a training dataset that includes a 
wider range of lagoon morphologies, depths, substrates, water-column conditions, tidal 
states and seagrass species.  

a) b) 

c) 

Figure 41 - Spatial transferability overview at Baie Sainte Anne. The figure compares a) the transferred DSF + XGBoost + 
Macro-F1 mapped seagrass predictions with b) the MACCE reference map and c) the 2025-07-12 Sentinel-2 satellite image. 
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4.4.3 Temporal and seasonal behavior of secondary sites 
After the spatial comparison, the transferred time series are analyzed to evaluate if the 
secondary sites exhibit coherent chronological trajectories and seasonal cycles. This 
step must be read in conjunction with Section 4.4.2, as temporal curves are only 
meaningful if the mapped seagrass areas are spatially plausible. Thus, the objective is 
not to validate seagrass dynamics at the secondary sites, but to evaluate whether the 
Anse-aux-Pins-trained classifier produces temporally coherent outputs outside of its 
training site. 
 
The chronological trajectories show strong variability at all four secondary sites (Fig. 42). 
None of the sites follows a simple monotonic long-term trend. This is similar to Anse-aux-
Pins, where the mapped extent also showed repeated phases of expansion and 
contraction rather than a linear trajectory (Section 4.3.2). The similarity is clearest for the 
sites that showed better spatial transferability, especially Sainte Anne, where the curve 
shows lower values around 2019-2020, higher mapped extent between 2021 and 2025 
and a decrease toward 2026. Côte d’ r and  rande Anse also show structured temporal 
changes, but with stronger instability or spatial uncertainty. Baie Sainte Anne shows 
repeated peaks and declines, although its temporal interpretation is more uncertain 
because of the weaker spatial agreement observed in Section 4.4.2. 

Figure 42 - Chronological trajectories of high-confidence mapped seagrass extent at the four secondary sites. Points are 
monthly Sentinel-2-estimates of mapped seagrass extent using the transferred model and a high-confidence threshold. The 
solid lines show smoothed temporal trajectories and the shaded envelopes show uncertainty from the smoothing procedure . 
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Such site-to-site variations should not necessarily be seen as errors. Local dynamics vary 
among seagrass meadows, depending on lagoon morphology, exposure, water depth, 
substrate type, hydrodynamics, species composition and water column conditions. 
Thus, a divergence of the chronological trajectories is expected even if the same regional 
seasonal forcing is acting on all sites. The important thing about transferability is that the 
curves should not all look like Anse-aux-Pins, but rather that they should have structured 
and interpretable behavior instead of random model noise. 
 
Seasonal curves are more consistent between sites (Fig. 43). Mapped seagrass extent is 
generally highest between Feb-Apr and lowest around Aug-Sep before increasing again 
towards the end of the year. This timing is similar to the seasonal cycle observed at Anse-
aux-Pins where high-confidence mapped seagrass extent peaked around February and 
was at a minimum around September-October (Section 4.3.3). The common seasonal 
pattern indicates that the transferred classifier is responding to a repeated seasonal 
signal in a number of Seychelles reef-lagoon systems. 
 

However, similar seasonal timing does not prove identical ecological seasonality. The 
model may reflect real meadow dynamics, seasonal variation in optical detectability, or 
both. This is consistent with the basis of remote sensing detection of seagrass (Section 
3.4). The temporal curves are thus most informative where the spatial predictions are 
coherent and more exploratory where a confusion of shoreline or spatial mismatch was 
found (Section 4.4.2). 

Figure 43 - Seasonal cycles of high-confidence mapped seagrass extent at the four secondary sites. Curves show the mean 
annual cycle of high-confidence mapped seagrass extent obtained by aggregating monthly composites across the 
Sentinel-2 time series. 
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Thus, the secondary sites show two important results. First, their chronological 
trajectories are not identical, which is expected because each meadow has its own local 
dynamics. Second, they share a common seasonal structure that is close to the Anse -
aux-Pins pattern, especially for the more transferable sites.  This is a positive result for 
scaling the method, as it demonstrates the workflow is capable of producing comparable 
temporal indicators across multiple Seychelles reef-lagoon systems. Future field 
observations across seasons, tide levels, depths, lagoon types and seagrass species 
would improve separation of true seagrass seasonality from seasonal variations in 
optical detectability. 
 

4.5 General limitations and perspectives 
The main uncertainties related to the Sentinel-2 workflow were identified in the previous 
sections, from feature interpretation and model selection to temporal analysis and 
transferability. Such uncertainties do not limit the relevance of the results, but rather 
define the conditions for the interpretation of the outputs and the improvements 
necessary for future operational monitoring. 
 
The first important point is the reference data. The classifier was trained on the reference 
map of Anse-aux-Pins as the available data source for model development, not on a 
direct multi-season field dataset. Therefore the spectral analyses and performance 
metrics should be viewed as agreement with the available reference product rather than 
as direct field accuracy. This remains useful because it provides a consistent evaluation 
of the workflow and identifies where additional data would be most valuable. Future field 
data would help improve the model and better quantify its ecological accuracy. If no local 
observations are available, the first step could be to extend the calibration dataset with 
reference data from optically similar tropical reef-lagoon systems, before prioritizing 
targeted Seychelles observations in seasonal maxima and minima, stable cores, variable 
margins. 
 
The second point is the feature set and the model structure. The full feature set was 
useful for comparing atmospheric correction, classifiers and thresholds under 
consistent conditions. However, the feature analysis and feature contribution results 
show that some predictors are more discriminative and temporally stable than others. 
Future work could thus reduce the current feature set, but also test new features that 
might increase robustness such as bathymetric or depth proxies, turbidity indicators 
or tide-related variables. The objective would be to keep variables which present a 
good separability of class, a temporal stability and a good transferability.  
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A third point concerns the ecological interpretation of mapped temporal patterns.  The 
results are not to be interpreted as direct measurements of biomass, density, species 
composition or percentage cover. But this does not mean that the detected signal is 
meaningless. The spatial and temporal coherence of the trajectories, seasonal cycle and 
persistent core and recovery/loss zones suggest that they can be interpreted as 
indicators of mapped seagrass extent and detectability. Future work should include a 
more diverse calibration and validation dataset, including field observations across 
different seasons, meadow densities, species assemblages, water depths, tide levels 
and substrate types to strengthen their ecological interpretation. Such data would help 
to determine whether changes in mapped extent are associated with real seagrass 
dynamics, changes in canopy density or species composition, or seasonal changes in 
optical detectability. 
 
A fourth perspective is about scaling. The transferability analysis shows that the same 
workflow can be applied to several Seychelles reef-lagoon systems and that some sites, 
especially Sainte Anne, produced coherent spatial and temporal outputs.  The main 
requirement for more robust scaling is therefore not a different methodology but a larger 
and more representative training dataset. This would include field observations for 
various lagoon morphologies, depths, substrates, tide levels (during image acquisition) 
and dominant seagrass species (such as mixed meadows, Thalassodendron-dominated 
meadows and Enhalus-dominated meadows), which would improve classifier 
generalization across the Seychelles EEZ . 
 
Therefore, future work should focus on multi-season field validation, independent 
reference data and a more diverse ecological calibration dataset of different meadow 
densities, assemblages of species, depths, tide levels and substrate types. In parallel, 
improved shoreline masking in bright shallow water zones and improving the feature set 
and enriching it with new complementary predictors could help to strengthen the 
workflow. Together, these improvements would support the development of an already 
working Sentinel-2 workflow toward long-term monitoring of Seychelles seagrass 
meadows.
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5.   Conclusion 
This thesis aimed to develop a Sentinel-2-based workflow to map, monitor and analyze 
seagrass extent through time at Anse-aux-Pins and to identify the main requirements for 
broader application across Seychelles reef-lagoon systems. The work was motivated by 
the need to move beyond static seagrass maps and toward a reproducible time -series 
approach able to describe seasonal, interannual and spatial patterns of mapped 
seagrass extent. 
 
The first contribution is methodological. A complete Sentinel-2 workflow was developed, 
from image preprocessing and atmospheric correction to feature extraction, supervised 
classification and temporal aggregation. The feature analysis shows that seagrass and 
non-seagrass pixels have coherent but overlapping optical signals, confirming that 
shallow-water seagrass mapping cannot rely on a single band or threshold. The most 
informative predictors are mainly related to the blue-green spectral contrast and local 
spatial context. Among the tested pipelines, the DSF + XGBoost model combined with the 
Macro-F1 optimized threshold provided the best compromise between performance, 
temporal stability, computation time and interpretability. The selected model reached a 
mean Macro-F1 of 0.808 ± 0.048 and a mean seagrass F1-score of 0.703 ± 0.063. These 
values indicate good agreement with the available reference map, while remaining 
dependent on the quality and representativeness of this reference product.  
 
The second contribution is the reconstruction of the mapped seagrass extent dynamics 
at Anse-aux-Pins between 2016 and 2026. The Sentinel-2 archive had enough temporal 
coverage to analyze multi-year trends, especially between 2018 and 2025. The results 
show that Anse-aux-Pins is not a static meadow system. The mapped seagrass extent 
shows seasonal and interannual variability with repeated phases of expansion and 
contraction rather than a simple linear trend. We observed a weak increase in the extent 
of high-confidence mapped seagrass over the full period, but this trend is small 
compared to seasonal and interannual fluctuations. 
 
The seasonal analysis reveals a clear annual cycle with high confidence mapped 
seagrass extent peaking at around February and lowest at around September-October. 
This seasonal signal was spatially structured, with a persistent core and a more variable 
marginal envelope. The persistent core can be considered as the most stable part of the 
mapped meadow, whereas the seasonal envelope includes areas where seagrass may 
be more continuous, denser or more detectable under favorable seasonal conditions. 
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The annual maps and recovery/loss analysis also show a coherent zone of apparent 
recovery or gain in the central to southern part of the lagoon, together with more localized 
apparent loss along some northern margins. These patterns suggest spatial 
reorganization of mapped seagrass extent rather than uniform change across the lagoon. 
 
The transferability analysis shows that the same workflow can be applied to other 
Seychelles reef-lagoon systems. The methodology itself is therefore technically 
transferable, because the same preprocessing, feature extraction, classification and 
temporal aggregation steps were applied outside Anse-aux-Pins. However, classifier 
generalization was site-dependent. Sainte Anne shows the strongest spatial coherence, 
Côte d’ r shows partial transferability with shoreline confusion and Grande Anse and 
Baie Sainte Anne show weaker spatial agreement. These differences are likely related to 
lagoon morphology, substrate brightness, water-column conditions, tide influence and 
seagrass assemblages. Despite this variability, the secondary sites show a common 
seasonal structure, with higher mapped extent early in the year and lower mapped extent 
around August-September. This suggests that the workflow can produce comparable 
temporal indicators across several Seychelles reef-lagoon systems, although their 
ecological interpretation remains site-dependent. 
 
Overall, the research question can therefore be answered positively, but with important 
conditions. A Sentinel-2 pipeline can be developed to map, monitor and analyze seagrass 
extent through time at Anse-aux-Pins. The workflow generated consistent spatial and 
temporal indicators including a persistent meadow core, a seasonal envelope, 
chronological trajectories and recovery/loss maps. It also showed promising 
transferability to secondary lagoon sites, particularly where site conditions were similar 
to those represented in the training data. However, the outputs should be viewed as 
mapped seagrass extent and detectability, not as direct measures of biomass, density, 
species composition or percentage cover. 
 
So the main requirement for broader application across the Seychelles is not a totally 
different methodology, but a more solid calibration and validation basis. A multi-site and 
multi-season field dataset covering different lagoon morphologies, depths, substrates, 
tide levels, water conditions and seagrass assemblages would allow the classifier to 
generalize more robustly. Improving the shoreline masking in bright shallow water zones 
and optimizing the feature set i.e. via complementary predictors, would also strengthen 
the workflow. With these improvements, the approach developed in this thesis could 
support long-term Sentinel-2 based monitoring of Seychelles seagrass meadows and 
provide spatially explicit indicators for future conservation, restoration and blue-carbon 
monitoring.
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Appendix 
A. Software environment and Python libraries 

Table 10 - Main software environment and Python libraries used 

Software/Library Version  Software/Library Version 
Python 3.11.10  xgboost 3.2.0 
Numpy 1.26.4  joblib 1.4.2 
pandas 2.2.3  scipy 1.14.1 

geopandas 1.0.1  matplotlib 3.8.4 
rasterio 1.4.3  imageio 2.35.1 
shapely 2.0.6  requests 2.32.3 

scikit-learn 1.6.0  aiohttp 3.11.10 
 

B. Bounding boxes of the regions of interest 
 
Table 11 - Bounding boxes of the study areas. Values are given as South, West, North, East in decimal degrees.  

Site Island Bounding box ( WGS84) 
Anse-aux-Pins Mahé -4.733159, 55.511453, -4.681898, 55.541433 

Côte d’ r Praslin -4.324406, 55.738376, -4.298374, 55.767424 
Grande Anse Praslin -4.352977, 55.686788, -4.319168, 55.726630 
Sainte Anne Mahé -4.648416, 55.483850, -4.589368, 55.528414 

Baie Sainte Anne Praslin -4.351474, 55.756263, -4.324649, 55.788724 
 

C. Fmask parameterization for Sentinel-2 
 
Table 12 - Fmask parameterization for Sentinel-2 

Parameter Sentinel-2 Description 
Minimum cloud size (pixels) 20 Minimum size of detected cloud objects 

Cloud buffer distance (m) 20 Buffer applied around detected clouds 
Shadow buffer distance (m) 40 Buffer applied around detected cloud 

shadows 
Cloud probability  

threshold (%) 
45 Threshold used to classify pixels as 

clouds 
Mask clouds Yes Cloud pixels removed from analysis 

Mask cloud shadows No Shadow pixels removed from analysis 
Mask snow No Snow pixels removed (not relevant in 

study area) 
Mask water No Water class retained for further 

processing 
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 D. Hyperparameters used during nested cross-validation 
In this appendix is presented the hyperparameter grids used in the inner CV loop for RF 
and XGBoost. The grids were evaluated independently in each outer fold and the best 
hyperparameter set was selected exclusively based on the training data of a fold.  
 
Table 13 - RF hyperparameter grid tested during the inner CV loop. The grid had 96 combinations and was evaluated 
independently within each outer fold. 

Parameter Tested values Meaning 

n_estimators 500, 800 
Number of trees in the forest. More 
trees is better for model stability in 
general, but longer computation time. 

max_features "sqrt", 0.5 

Number of features to consider for 
each split "sqrt" is more conservative, 
0.5 allows half of all input features to be 
considered. 

max_depth 10, 20 
Maximum depth for each tree.  
This controls model complexity and 
helps to reduce overfitting. 

min_samples_leaf 1, 5, 10 

Minimum number of samples required 
in a terminal leaf. Larger values 
produce smoother trees and reduce 
overfitting. 

class_weight 
"balanced", 

"balanced_subsample", 
{0: 1, 1: 2}, None 

Weighting strategy used to account for 
possible imbalance between the non-
seagrass and seagrass classes during 
training. 
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Table 14 - XGBoost hyperparameter grid tested during the inner CV loop. The grid had 384 combinations and was evaluated 
independently within each outer fold. 

Parameter 
Tested 
values 

Meaning 

n_estimators 
300, 
600 

Number of boosting rounds, i.e. number of trees that are 
added in a sequence. 

max_depth 4, 6, 8 
Max depth of each tree. Higher values allow for more 
complex interactions, but also carry a higher risk of 
overfitting. 

learning_rate 
0.05, 
0.1 

Step size used in each boosting update. Smaller values 
tend to result in more gradual, stable learning. 

subsample 0.8, 1.0 
The fraction of training samples to build each tree. 
Values below 1.0 add randomness and can reduce 
overfitting. 

colsample_bytree 0.8, 1.0 
Fraction of input features used to build each tree. This 
may reduce the correlation between trees and improve 
generalization. 

min_child_weight 1, 5 
Minimum sum of instance weights required in a child 
node. Higher values make the model more conservative. 

gamma 0, 1 
Minimum loss reduction required to make an additional 
split. Higher values make tree growth more restrictive. 

scale_pos_weight 1.0 
Weight applied to the positive class. It was kept fixed 
because class imbalance was already handled during 
sampling. 
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E. Complete atmospheric-correction difference statistics 
  
Table 15 - Median feature-distribution differences between RAdCor and DSF for all Sentinel-2 native bands and derived 
features. Values correspond to the median difference RAdCor − DSF, computed separately for non-seagrass and seagrass 
pixels. Positive values indicate higher feature values after RAdCor correction, while negative values indicate lower values.  

Feature 
       Δ  

non-seagrass 
       Δ 
seagrass 

       Δ (%) 
non-seagrass 

       Δ (%) 
seagrass 

B01 -0.000375 -0.001251 -1.67 -6.05 
B02 -0.000052 -0.000560 -0.25 -2.46 
B03 0.000064 -0.000024 0.27 -0.09 
B04 -0.000010 -0.000034 -0.10 -0.18 
B05 -0.000239 -0.000291 -2.14 -1.31 
B08 -0.001134 -0.001765 -59.37 -39.83 
B11 -0.000031 -0.000220 -52.73 -62.80 

DIFF_B03_B02 0.000266 0.000522 4.27 4.99 
DIFF_B04_B03 -0.000055 0.000048 -0.42 0.41 
DIFF_B05_B03 -0.000254 -0.000163 -1.91 -1.65 
DII_B01_B03 0.118088 0.082795 5.38 3.57 
DII_B02_B03 0.130286 0.103027 25.17 14.36 
DII_B03_B04 0.020924 0.008309 1.96 0.70 
IDX_B03_B02 0.003409 0.011853 3.16 6.97 
IDX_B04_B03 -0.004712 -0.001332 -1.37 -0.51 
IDX_B05_B03 -0.011563 -0.005833 -2.71 -2.31 
IDX_B05_B04 -0.010020 -0.005457 -10.74 -7.28 

MEAN3x3_B03 0.000111 0.000016 0.45 0.06 
MEAN3x3_B05 -0.000234 -0.000288 -2.03 -1.27 

MEAN3x3_DII_B02_B03 0.130509 0.101912 25.28 14.24 
MEAN3x3_NDWI 0.067761 0.067527 9.08 10.30 

MEAN3x3_RATIO_B03_B02 0.011235 0.038015 0.95 2.67 
RATIO_B03_B02 0.008195 0.034621 0.69 2.45 
RATIO_B04_B03 -0.005144 -0.001670 -1.10 -0.29 
RATIO_B05_B03 -0.011013 -0.007619 -2.95 -1.26 

STD3x3_B03 0.000261 0.000283 7.43 7.22 
STD3x3_B05 0.000042 0.000074 3.15 3.25 

STD3x3_DII_B02_B03 0.005934 0.006199 11.97 14.14 
STD3x3_NDWI 0.005776 0.002900 9.70 6.02 

STD3x3_RATIO_B03_B02 0.007953 0.010974 15.25 20.18 
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 F. Complete feature distribution boxplots 
Due to the number of panels, they are intended primarily for consultation in the electronic 
version of the manuscript, where individual features can be examined by zooming in.    

    

    

    

    

    

                

   

    

    

    

    

    

    

    

    

    

   

    

    

    

    

    

    

   

    

    

    

    

    

    

    

   

    

    

    

    

    

   

    

    

    

    

    

    

   

     

     

     

     

     

   

    

    

    

    

    

    

           

     

     

     

     

     

     

     

     

           

    

    

    

    

    

    

    

    

    
           

    

   

   

   

   

           

    

    

    

    

   

           

    

    

    

   

   

   

   

           

     

     

     

     

    

    

    

           

   

   

   

   

   

   
             

   

   

   

   

   

   

   

             

   

   

   

   

   

             

      

      

     

     

     

     

     

     

            

     

     

     

     

    

            

     

     

    

    

            

    

    

    

    

    

                   

    

    

    

    

    

    

    

    

    

                  

    

    

    

    

    

           

      

      

      

      

      

      

      

      

          

    

    

    

    

    

           

     

     

     

     

     

     

     

     

     

          

   

   

   

   

   

                     

    

    

    

    

    

    

    

    

    

                    

    

    

    

    

    

    

    

           

     

     

    

    

    

    

    

    

    

            

Figure 44 - Complete feature distribution boxplots for the DSF version dataset. Boxplots show the distributions of all 
extracted features for labelled seagrass and non-seagrass pixels across acquisition dates. 
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Figure 45 - Complete feature distribution boxplots for the RAdCor version dataset. Boxplots show the distributions of all 
extracted features for labelled seagrass and non-seagrass pixels across acquisition dates. 
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G. Models performance metrics and selected hyperparameters 
Table 16 - Extended performance metrics for the 12 classification configurations. 

Correction Classifier Strategy Threshold Macro-F1 
F1 

seagrass 
Precision 
seagrass 

Recall 
seagrass 

DSF 

RF 

Fixed 0.5 0.500 ± 0.000 0.801 ± 0.065 0.700 ± 0.077 0.651 ± 0.157 0.812 ± 0.126 
Optimized 
Macro-F1 

0.582 ± 0.010 0.808 ± 0.054 0.699 ± 0.066 0.701 ± 0.144 0.752 ± 0.158 

Optimized 
F1_1 

0.563 ± 0.013 0.807 ± 0.055 0.700 ± 0.067 0.687 ± 0.147 0.768 ± 0.152 

XGBoost 

Fixed 0.5 0.500 ± 0.000 0.801 ± 0.062 0.701 ± 0.073 0.651 ± 0.163 0.822 ± 0.134 
Optimized 
Macro-F1 

0.586 ± 0.022 0.808 ± 0.048 0.703 ± 0.063 0.685 ± 0.152 0.781 ± 0.155 

Optimized 
F1_1 

0.565 ± 0.018 0.806 ± 0.051 0.702 ± 0.064 0.679 ± 0.156 0.789 ± 0.154 

RAdCor 

RF 

Fixed 0.5 0.500 ± 0.000 0.761 ± 0.123 0.662 ± 0.134 0.595 ± 0.201 0.834 ± 0.127 
Optimized 
Macro-F1 

0.677 ± 0.040 0.773 ± 0.106 0.663 ± 0.124 0.645 ± 0.202 0.760 ± 0.153 

Optimized 
F1_1 

0.643 ± 0.043 0.768 ± 0.110 0.661 ± 0.123 0.628 ± 0.199 0.783 ± 0.152 

XGBoost 

Fixed 0.5 0.500 ± 0.000 0.770 ± 0.122 0.673 ± 0.131 0.611 ± 0.197 0.835 ± 0.139 
Optimized 
Macro-F1 

0.655 ± 0.011 0.777 ± 0.102 0.669 ± 0.119 0.648 ± 0.195 0.775 ± 0.165 

Optimized 
F1_1 

0.635 ± 0.018 0.778 ± 0.105 0.673 ± 0.121 0.644 ± 0.195 0.787 ± 0.160 

 
Table 17 - Selected hyperparameters for the final trained Random Forest configurations. 

Correction Strategy 
N 

estimators 
Max 

features 
Max 

depth 

Min 
samples 

leaf 

Class 
weight 

DSF 
Fixed 0.5 800 0.5 20 1 {0: 1, 1: 2} 
Macro-F1 800 sqrt 20 1 balanced 

F1_1 800 sqrt 20 1 balanced 

RAdCor 

Fixed 0.5 500 sqrt 20 1 {0: 1, 1: 2} 

Macro-F1 500 0.5 10 1 
Balanced 

subsample 
F1_1 800 0.5 10 5 balanced 
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Table 18 - Selected hyperparameters for the final trained XGBoost configurations. 

Correction Strategy 
N 

estimators 
Max 

depth 
Learning 

rate 
subsample 

Colsample 
bytree 

Min 
child 

weight 
gamma 

Scale 
pos 

weight 

DSF 

Fixed 
0.5 

600 4 0.10 0.8 1.0 5 1 1.0 

Macro-
F1 

600 4 0.10 0.8 0.8 5 1 1.0 

F1_1 600 4 0.10 0.8 0.8 5 1 1.0 

RAdCor 

Fixed 
0.5 

600 8 0.05 1.0 0.8 1 0 1.0 

Macro-
F1 

300 8 0.05 1.0 1.0 1 0 1.0 

F1_1 300 8 0.05 1.0 1.0 1 0 1.0 
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H. Annual core seagrass maps from 2016 to 2026 
 
 

 

 
 

Figure 46 - Full annual series of core seagrass maps at Anse-aux-Pins from 2016 to 2026. Green pixels are annual core 
seagrass,  light blue pixels are mapped non-seagrass. The series shows the yearly distribution of core seagrass detected 
with Sentinel-2 imagery. The incomplete years 2016 and 2026 should be interpreted with caution. 
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Seagrass meadows provide essential ecological functions, including habitat provision, 
sediment stabilization, carbon storage and coastal protection. In Seychelles, recent 
national mapping has improved knowledge of seagrass distribution, but temporal 
dynamics remain less documented. This thesis aimed to develop a reproducible 
Sentinel-2 workflow to map and monitor seagrass extent at Anse-aux-Pins, Mahé and 
assess its application to other reef-lagoon systems. The workflow combined Sentinel-
2 preprocessing, ACOLITE correction, masking, feature extraction, classification and 
temporal aggregation. Several atmospheric correction, classifier and thresholding 
options were compared. The selected pipeline combined DSF correction, XGBoost 
classification and a Macro-F1 optimized threshold. It gave the best compromise 
between classification performance, temporal robustness and interpretability, 
reaching a mean Macro-F1 of 0.808 ± 0.048. Applied to the 2016-2026 archive, the 
workflow showed that mapped seagrass extent at Anse-aux-Pins was dynamic in 
space and time. The meadow did not follow a linear trend, but showed repeated phases 
of expansion and contraction. A clear seasonal cycle was detected, with mapped 
extent highest around February and lowest around September-October. Spatial 
outputs distinguished a persistent core, a seasonal envelope and an apparent recovery 
zone in the central-southern lagoon. The workflow was also applied to Sainte Anne, 
Côte d’Or, Grande Anse and Baie Sainte Anne. The method was technically 
transferable, but classifier generalization varied between sites, reflecting differences in 
lagoon morphology, substrate brightness, water-column conditions, tide influence and 
seagrass species. Overall, Sentinel-2 can give coherent indicators of mapped seagrass 
extent in Seychelles shallow lagoons. Broader use would mainly require multi-site and 
multi-season field data to improve calibration, validation and ecological meaning.  


