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Abstract

Saltmarshes, transitional coastal habitats between terrestrial and marine ecosystems, offer crucial
ecological benefits, including coastal protection, biodiversity enhancement, water purification and
carbon sequestration. However, saltmarsh areas are shrinking, primarily due to human activities.
Traditional monitoring approaches for saltmarsh coverage are often costly and restricted in spatial
scope, prompting a shift toward remote sensing techniques. While remote sensing has proven ef-
fective for studies that cover large spatial areas, its application for smaller areas remains challen-
ging. In this study, we trained classification models to identify saltmarsh vegetation communities in
southern Portugal. We utilized high-resolution (3-meter) and high-frequency (near-daily) imagery
to optimize image selection according to tidal conditions at the time of capture and developed an el-
evation proxy for the intertidal zone. Our model achieved an overall accuracy of 67%, estimating a
total of 4,572 hectares of saltmarsh in southern Portugal, 85% located in the Ria Formosa lagoon.
The middle saltmarsh zone, dominated by Atriplex portulacoides, Salicornia perennis, and Salicor-
nia fruticosa, covered the largest area. The approach presented here holds promise for further re-
finement, enabling automated, high resolution monitoring of saltmarsh communities, which is es-

sential for conservation and management initiatives.
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1. Introduction

Saltmarshes are defined as coastal transition habitats between terrestrial and marine systems and are
mostly found at middle and high latitudes (Mcowen et al., 2017; Worthington et al., 2024). These
ecosystems are dominated by halophytic vegetation and hypersaline soils, and often comprise the
majority of the vegetated area in estuaries (Visser et al., 2019). They are considered key ecosystem
providers (Barbier et al., 2011), particularly for their role in coastal protection (Shepard et al.,
2011), biodiversity support (Visser et al., 2019) and removal of pollutants from the water (Andrews
et al., 2008; Trevathan-Tackett et al., 2015). Over several centuries, human disturbance has led to a
reduction in saltmarsh coverage (Gedan et al., 2009; Murray et al., 2019). There are many drivers
behind these losses. Some of them are global, such as sea level rise combined with an artificially
fixed landward margin, leading to thinning saltmarsh fringes (Lovelock et al., 2015). Others act at a
local scale, such as diking, land development and land-use changes which see saltmarshes repur-
posed for aquaculture, salt pans and animal husbandry (Gedan et al., 2009). The continuous impacts
that affect worldwide saltmarsh coverage make implementing proper management and determining

saltmarsh extents of utmost importance (Pétillon et al., 2023).

Saltmarsh ecosystems are dominated by plant communities which vary along a vertical elevation
gradient, mostly due to differences in hydroperiod (Visser et al., 2019), although other physical and
geochemical variables can affect this distribution (Armstrong et al., 1985; Eleuterius and Eleuterius,
1979). Saltmarshes typically comprise, at a minimum, two well defined zones that differ in their ex -
posure to salinity and flooding. The low, or submergence zone, lies below the mean high-water line
and is regularly inundated by tides. As a result, it is dominated by species that are highly tolerant to
both prolonged flooding and elevated salinity. The high, or emergence zone, is located above the

mean high-water line and is flooded only during high spring tides. This zone is dominated by spe-
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cies that are tolerant of high salinities, but not floodig (Armstrong et al., 1985; Eleuterius and Eleu-
terius, 1979). Some saltmarsh systems also have a middle or transition zone, identified by differ-

ences in species composition between low and high zones (Visser et al., 2019).

Due to their role in shaping sedimentary coastal regions and ecological importance, saltmarsh areas
have become the point of interest in studies of coastal processes and coastal management. In order
to properly monitor these habitats, we require quantitative and repeatable estimates of their distribu-
tion and area extent (Pétillon et al., 2023). Traditional vegetation mapping methods require intens-
ive field and taxonomic work, in-situ work for every mapped location, and cannot be applied across
several. As such, these methods are often slow and costly, which led to the need of methods that can
be applied across different time periods, varying spatial scales and handle the inherent difficulties
that arise from working in coastal and intertidal environments. Remote sensing methods, particu-
larly when combined with supervised classification models, are useful to address the limitations of
traditional habitat mapping and have been successfully used for wetland monitoring (examples re-
viewed in Adam et al., 2010; Pham et al., 2019). Despite limitations, the field of remote sensing is
rapidly evolving, with significant improvements in the quality and quantity of data available for

mapping applications.

Wetland mapping using remote sensing has employed a wide range of methodological approaches.
Within supervised classification frameworks, models span from traditional statistical techniques to
contemporary machine learning algorithms. Among the most commonly utilized are random forests,
support vector machines, gradient boosting methods, and neural networks (Blume et al., 2023; Fu et
al., 2022, 2023; Jiang et al., 2021; Pham et al., 2019). Model performance is influenced by several
factors, including the choice of predictor variables, dataset size, characteristics of the training data,
and the selection of hyperparameters (Jung, 2018; Lumumba et al., 2024). Consequently, comparat-

ive model evaluation has become a common practice, enabling the identification of algorithms with
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the highest predictive accuracy and generalization capabilities (Fu et al., 2022; Kuhn and Johnson,
2013). Previous works have shown that access to non-visible spectrum bands is important for distin-
guishing vegetation types (Adam et al., 2010), with hyperspectral images usually offering better
performance over multi-spectral ones (Belluco et al., 2006; Kumar and Sinha, 2014). However,
even more important than spectral resolution is the spatial resolution of the images. Due to steep en-
vironmental gradients, these habitats are often found in fringes or patches of small size (Pham et al.,
2019). Consequently, traditional satellite sensor resolutions (10 — 30 m) have limited ability to cap-
ture smaller features as the majority of pixels capture a mixture of different saltmarsh communities.
Given the saltmarsh species’ strong dependence on the elevation gradient , including topographic
variables may significantly improve the performance of mapping compared to relying on spectral
information alone (Farris, Defne, and Ganju 2019; Fernandez-Nunez, Burningham, and Ojeda Zujar
2017; Laengner and Van Der Wal 2022; Pham et al., 2019). However, access to topographical data
is often limited, which has led to attempts to derive topography from satellite imagery. While meth-
ods to derive terrain elevation from satellite imagery are well established for terrestrial habitats, and
even deeper waters (Mudd, 2020; Ashphaq et al., 2021), they are often difficult or impossible to ap-
ply to coastal areas (Ashphaq, Srivastava, and Mitra 2024; Caballero and Stumpf 2023). The fact
that any captured image shows a single snapshot in time of the state of the habitat is also a limita-
tion for intertidal saltmarsh mapping, as images captured during high tide will have parts of the salt-
marsh submerged, resulting in a strong attenuation of the red and near-infrared bands by the water
column, two bands which are essential to study vegetation (Hestir et al., 2008; Zomer et al., 2009).
This limitation can be overcome by increasing temporal resolution, which allows images to be se-
lected based on tidal conditions, to better account for the influence of tidal variations on spectral

signatures.
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Recent developments in remote sensing have addressed some of these limitations, with higher spa-
tial, spectral and temporal resolutions. Improvements in image data, image processing and model-
ling tools availability and flexibility have also been significant, allowing for increasingly more re-
fined and customized analysis pipelines. In this work, we leveraged high spatial-temporal resolution
satellite imagery from the PlanetScope constellation to create tidal elevation specific image com-
posites and indices for image classification. Our goal was to create features that can be used ma-
chine learning workflow to map saltmarsh communities, allowing the models to have proxies for el-
evation data that is often hard to acquire, and is highly predictive of saltmarsh distribution. As case

studies, we used es the four main coastal wetlands in the Algarve region, South Portugal.
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2 Material and methods

2.1 Study sites

The south of Portugal region has four main wetlands, from east to west, the Guadiana estuary, the
Ria Formosa lagoon, the Arade estuary, and the Alvor lagoon (Figure 1). These wetlands comprise
the majority of the saltmarsh area in southern Portugal (Santos et al., 2023a), which are protected
under several legal regimes. The Ria Formosa has the highest level of protection as a Natural Park.
Both the Ria Formosa and the Guadiana estuary are considered Special Protection Areas under the
European Natura 2000 network for their importance for bird species and are classified as Wetlands
of International Importance by the Ramsar convention. It should be noted that, while the Guadiana
estuary is located both on Portuguese and Spanish territory, in this work we only focused on the
Portuguese margin. All four wetlands are classified as Sites of Community importance in the

European Natura 2000 network.
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Portugal

Imagery from Google (2023)

Figure 1 - Location and limits of the studied wetlands in southern Portugal.

The studied wetlands experience semi-diurnal tides, with saltmarsh communities distributed along
the elevation gradient. The species composition is largely similar across the four systems. In gen-
eral, the upper intertidal is colonized by a low saltmarsh comprised mostly of Sporobolus mari-
timus, Salicornia perennis, and Salicornia fruticosa. In the middle marsh, the main species are Sali-
cornia fruticosa, Salicornia perennis and Atriplex portulacoides and the upper saltmarsh is charac-
terized by more bushy species, such as Arthrocaulon macrostachyum, Suaeda vera and Limoni-

astrum monopetalum (Almeida et al., 2014; Amaral et al., 2023; Costa et al., 1996; Lousao, 1986).

Despite their protection levels, all these wetlands have been affected by anthropogenic pressures,
showing varying levels of impacts and saltmarsh loss (Santos et al., 2023b and references therein).

In particular, large saltmarsh areas of the Arade and Guadiana estuaries were surrounded by dykes
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and converted to agriculture production in the past. When the agriculture exploration stopped, these
areas with limited tidal influence were again occupied by saltmarsh communities, resulting in a dif-
ferent species composition from natural saltmarshes (Almeida et al., 2014; Amaral et al., 2023). The
Guadiana estuary shows large coverage of the invasive species Sporobolus montevidensis (often
known as Spartina densiflora) (Castillo et al., 2010). In this work, we focused on the natural salt-

marsh communities, excluding saltmarshes confined by dykes.

2.2 Vegetation data collection and identification of communities

Saltmarsh vegetation communities of the main four wetlands of southern Portugal were identified
based on clustering of vegetation data collected during field surveys. Quadrats (1x1 m) were placed
along transects perpendicular to the shoreline. The distance between quadrats varied depending on
the width of the saltmarsh fringe: in narrow fringes, quadrats were placed at 1-m intervals, whereas
in wider fringes, they were placed approximately 3 m apart. This approach maximized the capture
of the vegetation zonation. Two surveys were done to collect vegetation data, with minor methodo-
logical differences. Transects from survey A were collected in June and July 2019, where quadrat
coordinates were determined by linear interpolation between the starting and ending points of the
transect, based on its distance from the transect start. For transects from survey B (collected
between April 2023 and March 2024), the coordinates of individual quadrats were recorded (hand-
held GPS, Garmin GPSmap 60C, with an average 2-m error). After placing the quadrat, all species
found within were recorded, and the quadrat was moved along the transect. In total, 56 transects
were performed with a mean of 44 quadrats per transect, for a total of 2,448 quadrat observations

(Table 1, Table S1, Figure S2).
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Table 1 — Number (n) of sampled transects and quadrats per study site and transect survey (Survey

188  A:June-July 2019, Survey B: April 2023-March 2024).
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Water system Survey  Transect n Quadratn
Alvor A 6 518
Alvor B 4 39
Arade A 3 83
Arade B 4 26
Guadiana A 6 237
Guadiana B 3 54
Ria Formosa A 30 1491

The species names followed the currently accepted nomenclature of Plants of the World Online
(POWO 2024). Saltmarsh zonation was identified using hierarchical clustering on the data of spe-
cies composition, using Serensen dissimilarity as the distance measure (also known as Bray-Curtis)
and Ward's D linkage clustering method (Oksanen, 2013; Singh, 2008). Clustering was done separ-
ately for each system due to some differences in species composition. To simplify the classification
system, and reduce the co-existece of classes within satellite images, each cluster was assigned to
one of three saltmarsh classes: low, middle and high marsh, based on field observations of the spe-
cies composition along the vertical gradient. Hereafter, vegetation or saltmarsh clusters will refer to
the groups created through hierarchical clustering, while vegetation or saltmarsh communities will

be used to refer to the vertical zonation groups created from those clusters.

2.3 Satellite imagery and spectral features

Satellite images were acquired from PlanetScope (8 bands, ortho-rectified, surface reflectance, 3-m
resolution). A composite image of the coastal systems was created by averaging images that en-
sured equal temporal coverage from each quarter of 2022 to account for the effects of seasonal
changes in vegetation color (e.g. due to flowering). Images used in the composite were filtered for a

maximum of 10% cloud cover and maximum a tidal height of 0.3 to 0.9 m (relative to EPSG:10349
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- ZH Portugal Depth, henceforth referred to as HZ). Each pixel’s spectral measurements were sum-
marised by taking the 20™ quantile, in order to further reduce the impact of clouds and water reflec-
tions (Blume et al., 2023). A total of 10 images were used for Alvor and Arade, 22 for Ria Formosa,
and 19 for Guadiana (larger systems required more images to ensure total spatial coverage). Satel-
lite image selection and acquisition was done using the Planet Data API (Planet Team, 2024) with a
custom tidal filtering tool (Martins, 2023) that relies on data from the Portuguese Hydrographic In-
stitute to estimate tidal elevation at time of image capture. While the time period of the images cap -
tured does not match the one of field sampling, the studied saltmarsh communities are slow grow-
ing, with changes mostly driven by environmental factors and human impacts (Karimpour et al.,
2016; Newton et al., 2020). We do not expect large changes within our study system this time
period. However, transects were still visually inspected and compared to Google Earth aerial im-

agery to look for any changes in habitats.

Two additional spectral indices were calculated to be used as predictors in the classification models
or to be used in additional data preprocessing steps. The Normalized Difference Vegetation Index
(NDVI) is often used to monitor vegetation health (growth and density), with high applicability in
remote sensing for agriculture and vegetation mapping (Viana et al., 2019). NDVI was calculated

using the composite mosaic as:
NDVI = (Near-Infrared — Red) / (Near-Infrared + Red).

The Normalized Difference Water Index (NDWI) is used to monitor water content in water bodies
and soils (McFeeters, 1996). It was calculated for two different tidal ranges: low tide (tidal height
below or equal to 1 m vs HZ) and high tide (tidal height equal or over 2.9 m vs HZ). These tidal
ranges maximized the captured tidal range for which satellite images were available. NDWI was

calculated as:

NDWI = (Green — Near-Infrared) / (Green + Near-Infrared)
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2.4 Submersion time estimation and mask creation

Another feature derived from the satellite imagery was the submersion time in the studied areas,
calculated as the fraction of time that a point spent under water over the year. The submersion time
was computed based on the water presence in each pixel, which was assessed on a suite of satellite
images from 2022. Satellite images were acquired to maximize coverage of the tidal height range
for each system (Figure S1). Water masks were created for each image based on Normalized Differ-
ence Water Index (NDWI), with values above 0 classified as water. The approximate elevation (in
meters, relative to HZ) of each pixel was estimated as the minimum tidal height at which it was
classified as water in any of the water masks. Then, the submersion time was calculated as the frac-
tion of time during the year of 2022 at which that pixel’s estimated elevation was lower than the
tidal height. The tidal height used for each system was estimated based on the nearest tidal gauge,
as given by the Portuguese Hydrographic Institute and assumed to be constant within each system.
To evaluate the performance of the water-line method, we examined the Pearson’s correlation coef-
ficient between the calculated submersion time and the LIDAR-derived Digital Elevation Model for
the Ria Formosa lagoon from 2011 (2-m resolution, 30-cm horizontal accuracy, 10-cm vertical ac-
curacy; Dire¢ao-Geral do Territorio, 2011). Because the water line method only works for intertidal
areas, only pixels with an elevation between -2.5 m and 2.5 m were used for this correlation ana-

lysis.

The vegetation dataset for supervised training of the saltmarsh mapping only included observations
of the target saltmarsh communities, so a mask was created to exclude the non-saltmarsh areas at
each system through unsupervised methods. There were three main steps in creating this mask.
Firstly, because no saltmarsh was recorded in cells with a submersion time over 50%, those cells
were masked out. Secondly, the K-means clustering method was used to cluster pixels into 25

classes based on the Blue, Green, Red, Near-Infrared, NDWI at low tide, NDWI at high tide, NDVI,
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longitude and latitude variables. The pixel coordinates were included to add spatial context to the
clustering, allowing for neighbour pixels to be classified as more likely to be the same class, and all
variables were standardized before clustering. The selection of the class number and variables was
decided by manual iteration, with visual evaluation of the results through comparison with transect
ground reference data and aerial imagery from Google Earth (resolution information not available;
Google, 2023) and available drone images (captured with DJI Phantom 4, RGB bands, approxim-
ately 4.5-cm resolution). Clusters identified as not being saltmarsh were masked out. The third step
was the use of polygons to exclude areas which were highly modified or entirely built by humans,
such as saltpans and areas where water circulation was cut off by dykes. We opted to exclude these
areas as the large modifications often change the species composition and other hydro-geomorpho-
logical properties (e.g. elevation gradient and water circulation) of the site to a point where our
training dataset was not representative of them. Lastly, the contiguous areas of the mask raster were
shrunk and then grown by one cell, to remove stand-alone pixels known as salt and pepper arte-
facts. Raster operations were done with the terra package v1.7 (Hijmans, 2024) and GRASS GIS

v8.3.2 (GRASS Development Team et al., 2024).

2.5 Classification model training and performance assessment

A supervised classification model (Figure 2) was trained to predict the natural saltmarsh communit-
ies (low, middle or high) for all four study areas, with the training workflow implemented in the
Tidymodels framework (Kuhn and Wickham, 2020). Every individual quadrat was considered an in-
dividual observation, even when co-existence of saltmarsh communities was observed within a
single satellite image pixel. The vegetation dataset (Table S2) was separated into training and test-
ing sets with an 80/20 ratio (1,937 quadrats for training, 511 quadrats for testing). The split was
stratified to ensure that the three saltmarsh classes were represented in both sets and, when possible,

in all systems.
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A total of 7 classifiers were tested: Regularized Multinomial Regression (package glmnet; Friedman
et al., 2010), Random Forest (package ranger; Wright and Ziegler, 2017), Support Vector Machines
with a radial basis and polynomial kernel functions (package kernlab, Karatzoglou et al., 2004), K-
Nearest Neighbours (package knn; Schliep and Hechenbichler, 2016), Multilayer Perceptron (pack-
age nnet; Venables and Ripley, 2002) and extreme gradient boosting decision trees (package xg-
boost; Chen et al., 2024). For predictors, we used the full range of spectral bands from the compos-
ite mosaic, NDVI from the composite mosaic, as well as NDWI at low tide and NDWTI at high tide.
Two predictor transformations were tested, one where predictors were normalized (z-score), and
one where models were trained on the principal components that explained 98% of variability of the
predictors, as determined by Principal Component Analysis. Each combination of classifier and pre-
dictor transformation was trained with two datasets: a dataset for the whole of the Algarve (includes
data for all study systems) and a wetland-specific dataset (only data for one study system). No mod-
els were trained specifically for the Arade estuary due to only one saltmarsh community being ob-
served. Model hyperparameters were tuned using grid search and k-fold cross validation (10 folds),
with folds being stratified by the target class to ensure class balance was maintained. Afterwards,
the classification model with the highest median kappa statistic was selected, and the hyperparamet-

ers from the best performing fold were used to train the final model using the full training dataset.

The performance of the final supervised classifier was evaluated by comparing the agreement of the
predictions with the testing dataset. The overall performance of the model was evaluated through
accuracy. Confusion matrices and per-class accuracies were used to assess performance for each

saltmarsh community.
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3 Results

3.1 Assignment of vegetation clusters to saltmarsh communities

The number of identified vegetation clusters varied across study systems, as did the number of salt-
marsh communities assigned to them (Figure 3, Table S3). In the Arade estuary, while two clusters
were identified, both of them were assigned to middle saltmarsh, meaning that no other community
was identified in this system. In Ria de Alvor, three clusters were identified, and each one was as-
signed to a unique zone. In Ria Formosa, five clusters were identified, two being assigned to low
saltmarsh, two to middle saltmarsh and one to high. In Guadiana estuary, the extensive presence of
the invasive species Sporobolus montevidensis led to a more complex cluster structure. This species
can co-exist with both the low and middle saltmarsh species, making the cluster delimitation less
clear. In the end, six clusters were identified and assigned to all three communities. Two of the
Guadiana clusters were the result of mostly monospecific quadrats of Sporobolus maritimus or

Sporobolus montevidensis.

Alvor Arade Ria Formosa Guadiana

Sporobolus maritimus 14%
Salicornia perennis 58% 26% 39% 59% 17%
Atriplex portulacoides 18% 42% 31%
Salicornia fruticosa 39%
Sporobolus montevidensis
Suaeda vera
Arthrocaulon macrostachyum
Limoniastrum monopetalum
Cistanche phelypaea
Limonium vulgare

Caroxylon vermiculatum

middle low middle
Saltmarsh community

Figure 3 - Species composition of the saltmarsh communities (low, middle or high saltmarsh) for
each study system. The values indicate the percentage of quadrats within a saltmarsh community in

which the species was present. Species which were not observed in at least 10% of the quadrats of
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any community, for any system, were excluded from this figure (but full results are available at

Table S3).

Overall, for the four systems, the low saltmarsh community was dominated by Sporobolus mari-
timus, which often co-existed with Salicornia perennis. The most characteristic species of the
middle saltmarsh were Atriplex portulacoides, Salicornia perennis and Salicornia fruticosa. In the
Arade and Guadiana saltmarsh, we could also find the invasive species Sporobolus montevidensis.
This species was particularly frequent in the Guadiana, where it was found in most of the middle
marsh quadrats, but also in the low and high saltmarsh. High saltmarsh showed the highest number
of possible species and variation across studied systems. This community showed some species
overlap with the middle saltmarsh (A. portulacoides and S. fruticosa) but showed a higher presence
of bushy species (Limoniastrum monopetalum, Suaeda vera and Caroxylon vermiculatum), as well

as Arthrocaulon macrostachuym and Limonium vulgare.

3.2 Model features, training and selection

The estimated submersion time was significantly correlated with the LIDAR-derived elevation for
the Ria Formosa, with a Pearson’s correlation coefficient of -0.72 (p < 0.001). This relationship was
particularly strong between -1 m and 1 m elevation (Figure 4). At the more extreme ends of the tidal
range, the satellite-based method for submersion time showed a large dispersion in predicted values.
However, the strong correlation between the submersion time feature and the elevation suggested

that this is a useful proxy for elevation in systems where this information is absent.
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358

359 Cross-validation showed similar median performances for K-Nearest Neighbours and Random
360 Forest, with normalized and principal component predictors (Figure 5). Model performance was
361 similar in the Alvor and Ria Formosa, but the fold Kappa statistic in the Guadiana showed high
362 variability, which suggests that there might be problems with the training data from that wetland.

363
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For the final model, we selected the system-independent Random Forest model with normalized
predictors. When evaluated on the unseen test dataset, the selected model had an overall accuracy of
67%. Prediction performance for low and middle saltmarsh were identical, with producer’s accur-
acy of 71.1 and 73.4%, respectively (Table 2). It was lower for high saltmarsh, at only 52.5%. In
terms of user accuracy (i.e. the probability of a pixel in our produced map being correct), we ob-
served that middle saltmarsh underperformed, with a user accuracy of 58.3%, compared to the low

and high saltmarsh which garnered 74.4 and 75.3%, respectively.
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Figure 5 - Performance of the candidate classification models showed by the Kappa statistic (only
the top 10 best performing candidates are shown). The panel rows separate models trained on the
full vegetation dataset (all) or on data divided by study system. No models were trained for the

Arade system because it contains only a single saltmarsh community.

Table 2 - Confusion matrix illustrating the performance of the classification model and accuracy

statistics.

3.3 Saltmarsh community mapping

Using the selected model, we mapped an estimated combined total area of 4,572 ha of natural salt-
marsh across the four studied wetlands, divided into 919 ha of high, 2,182 ha of middle, and 2,371
ha of low saltmarsh (Table 3). The Ria Formosa lagoon was the system with the most extensive
saltmarsh area (Figure 6), with a total area of 3,897 ha, 85% of the total mapped saltmarsh in the

Algarve. The second largest saltmarsh area was in the Guadiana estuary (412 ha, 9%), followed by

Reference class User ac-
Low Middle High foal | curacy
3 Low| 128 30 14 172 74.4%
2t Middle| 49 141 52 | 242 | 583%
& High| 3 21 73 97 | 75.3%
Total| 180 192 139 511
Producer accuracy| 71.1% 73.4% 52.5%

the Arade estuary (164 ha, 4%) and lastly the Ria de Alvor (99 ha, 2%).




391 Table 3 - Estimated natural saltmarsh area for study systems, per saltmarsh community. The per-

392 centages indicate the relative frequency of that community in a system.

Area (ha)
Community
Alvor Arade Ria Formosa Guadiana
Low 9 31 1,338 93
(10%) (19%) (34%) (23%)
Middle 56 116 1,732 278
(56%) (71%) (45%) (67%)
High 34 17 827 41
(34%) (10%) (21%) (10%)
Total g9 164 3,897 412
393
394

CUERIENE

395 Figure 6 — Estimated saltmarsh distribution for studied wetlands. Prediction rasters are overlaid on a

396 desaturated satellite basemap, to increase readability.
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Middle saltmarsh estimated area coverage ranged from 45 to 71%, making it the community with
the highest area coverage across all systems. We found that the Arade and Guadiana estuaries did
not present large areas of high saltmarsh, comprising only 10% of their total area. Ria de Alvor
showed little coverage of low marsh (10%), with the highest relative area of high saltmarsh across
all systems (34%). The Ria Formosa shows the most balanced distribution between saltmarsh com-

munities.
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4 Discussion

A remote sensing-based methodology capable of identifying and mapping the saltmarsh vertical dis-
tribution communities of southern Portugal was developed, which holds significant potential for re-
finement into a robust tool for long-term monitoring of saltmarshes in the region. The distribution
and extent of the natural saltmarsh communities were quantified across the four main wetlands of
the Algarve: Ria de Alvor, Arade estuary, Ria Formosa and Guadiana estuary. A total area of 4,572
ha of saltmarsh across these coastal systems was estimated. The largest natural saltmarsh area was
found in the Ria Formosa lagoon, with an area approximatively 9 times that of the second-largest
system, the Guadiana estuary. Among the identified communities, the middle saltmarsh dominated
across all study systems (average of 48%) followed by the low saltmarsh (32%) and the high salt-
marsh (20%). The middle saltmarsh was characterised primarily by the species Salicornia perennis,
Salicornia fruticosa and Atriplex portulacoides, and the low saltmarsh by Sporobulus maritimus
and Salicornia perennis. The high saltmarsh had a more diverse community, with more variation in
species composition across wetlands, but the three main species were Limoniuastrum monopetalum,

Arthrocaulon macrostachyum and Suaeda vera.

4.1. Model performance and limitations

Our study used a hybrid supervised and unsupervised workflow to map saltmarsh communities. The
final supervised model achieved an overall accuracy of 67% in separating saltmarsh communities.
Although this accuracy may seem modest, it is important to note that it specifically reflects the
model’s performance to distinguish among saltmarsh communities, rather than different habitat or
land use classes. For comparison, a previous work that focused exclusively on distinguishing salt-
marsh communities in a similar wetland (Cadiz Bay, southern Spain) achieved an overall accuracy
of 87% (Curcio et al., 2023). These authors relied on unmanned automated vehicles, which offer the
advantage of capturing images at much higher spatial resolution but are constrained by the limited

spatial extent at which they can be applied. Souza and Rodrigues (2023) mapped saltmarshes in the
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Ria Formosa and obtained overall accuracies from 71 to 81%. However, their analysis focused on
classifying a single saltmarsh class, alongside 13 non-saltmarsh classes. Comparing methodologies
with such different target classes are inherently invalid due to these fundamental differences in clas-
sification objectives. In our model, a large proportion of errors (89% of misclassified pixels) was re-
lated to the confusion between vertically adjacent saltmarsh communities. That is, a community was
most often misclassified as its immediate neighbour in the vertical zonation gradient. While these
are classification errors, they indicate that the model is effectively capturing the spatial distribution
patterns of saltmarsh classes, as most misclassifications occur between classes with ecologically ad-
jacent niches and that often co-occur within a single image cell. Community co-occurrence within a
cell is problematic due to higher class similarity in the training data and difficulties in distinguish-
ing them (Hossain, Jia, and Benediktsson 2016; Wang et al. 2007; Kumar and Sinha 2014), and be-
cause our method does not allow us to predict the existence of more than one community in a single

cell.

In this work, we leveraged the availability of satellite imagery combined with local tidal data to op-
timize image selection. This approach allowed us to select images captured during low tide, maxim-
ising the visible saltmarsh area and implementing tide-dependent features as proxies for topographic
data. Due to the vertical zonation of the saltmarsh communities, which is limited by the tidal regime
and elevation, incorporating topographical variables is important to obtain high performance in salt-
marsh classification models (Farris, Defne, and Ganju 2019; Fernandez-Nunez, Burningham, and
Ojeda Zujar 2017; Laengner and Van Der Wal 2022; Pham et al., 2019). In the absence of detailed
topographic data, the use of tide-dependent features can still bring improvements to current salt-
marsh mapping strategies. Ideally, high-accuracy topographic data would be employed. However,
these methods require expensive specialized equipment, are constrained in the timing of data ac-
quisition by the local tidal regime (Ryu et al., 2008, Mason et al., 1995) and are limited in the spa-

tial extent that they can cover (Curcio et al., 2024 Chadwick, 2011). The usage of satellite-derived
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digital elevation models is another option. These models have been widely applied for terrestrial
ecosystems (Mudd, 2020); however, traditional satellite sensors typically offer spatial resolutions in
the range of tens of meters. These resolutions are unsuitable for intertidal areas where the elevation
gradient is too steep, and we often found sections where the transition from supratidal to subtidal
happened in less than 5 meters horizontally, areas with mud banks, and saltmarsh with high biogeo-
morphic complexity, because a single cell can encompass a high range of elevations. Additionally,
they rely on methods which generally are incompatible with submerged, coastal or turbid areas
(Ashphaq et al., 2021; Ashphaq, Srivastava, and Mitra 2024; Caballero and Stumpf 2023). The ap-
proach selected for this work is often referred to as “water-line method” and has previously been
used to calculate the extent and changes in intertidal zones (Sagar et al., 2017, Ryu et al., 2008), and
mudflats (Murray et al., 2012). To the best of our knowledge, this method has not yet been used to
supplement supervised saltmarsh model training. This method is straightforward when accurate
tidal data and high temporal frequency images are available, but the usage of a spatially constant
tide elevation for the entire system is a point that can be improved for future work. Tide elevations
and timing can spatially vary in a system due to bottlenecking of the water exchange with the ocean
(Dias and Sousa, 2012). Another source of error could be abnormally high inputs of fresh water, but

we expect the usage of multiple images to estimate submersion time to mitigate this impact.

Another limitation of our methodology resides in the spatial resolution of the available imagery.
While the 3-m resolution used is a significant improvement over historically available imagery that
commonly has resolutions in the tens of meters, we often observed the co-existence of target classes
within a single pixel. This issue arises from the steep environmental gradient of the intertidal zone,
which results in narrow saltmarsh communities parallel to the waterline, with sharp transitions
between them. On the other hand, we found that the spectral resolution of the available images was
adequate. The dimensionality reduction of the predictors through PCA had little effect on the model

performance, suggesting high correlation, and therefore redundancy, among the spectral bands. This
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does not mean that no improvements can be done in terms of spectral features. In particular, the us-
age of the red-edge band, which is lacking in the sensors used in this work, and additional vegeta-
tion indices has been shown to improve the performance in vegetation classification (Huete 2012;
Zeng et al. 2022). However, alternative vegetation indices might need to be developed to account
for differences in the sensors used, as not all image bands from Planet labs are equivalent to more
studied sensors. Despite this , we believe that enhancing the performance of saltmarsh classification
models is more reliant on improving spatial resolution of satellite images and obtaining topograph-
ical information or proxies, rather than improving spectral resolution. This conclusion is supported
by Blount et al. (2021), who analysed the performance of low- and high-resolution imagery to map
saltmarshes in the Ria Formosa wetland. They found that lower-resolution imagery tends to overes-
timate saltmarsh area, with errors increasing as the biogeomorphic complexity of the saltmarsh

fringes grows. These insights are further supported by the review of Pham et al. (2019).

The use of unsupervised methods to create a binary saltmarsh mask represents another limitation, as
it prevents fully automated application without user intervention. Future improvements should fo-
cus on transitioning this workflow fully to supervised methods, resulting in an application with min-

imal user input, making it more appropriate for time series analysis.

4.2. Identification and assignment of saltmarsh communities
Hierarchical clustering was effective in delimiting the most common species clusters (groups of co-
existing species), which follow the expected saltmarsh communities described in previous studies in

these wetlands (Almeida et al., 2014; Amaral et al., 2023; Costa et al., 1996; Lousao, 1986).

The species composition in the identified saltmarsh communities was consistent across the study
systems. The low saltmarsh was dominated by Sporobulus maritimus and Salicornia perennis,

which are succeeded by Salicornia fruticosa, Atriplex portulacoides and Salicornia perennis in the
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middle saltmarsh. The high saltmarsh showed a much higher species diversity, with an increased
number of bushy species. The species showing the greatest variability across the studied wetlands
was the invasive Sporobolus montevidensis. This species is well established in the Guadiana and
Arade estuaries, where it was found in low, middle, and high saltmarsh areas. In the Guadiana, it
tends to dominate the areas that it colonizes, forming monospecific stands. Sporobolus monteviden-
sis was also found in the eastern section of Ria Formosa, although with relatively low coverage.
This species is highly adaptive to changes in sediment properties and capable of displacing native
saltmarsh communities (Castillo et al., 2010; Garcia et al., 1985). Its expansion poses a significant
threat to autochthonous species in the region, as already observed in the Guadiana estuary. The us-
age of satellite-based mapping of saltmarshes is a promising tool to monitor its expansion, provid-
ing insights into changes in their distribution and supporting management efforts to control this in-
vasive species. However, the patches of Sporobolus montevidensis observed in the study area were
usually smaller than the spatial resolution of the satellite images we used, or it co-occurred in mixed
stands with other species. In these cases, isolating the spectral signatures of this species is difficult,
if not unfeasible. We believe that these issues led to the high variability in the model performance
during cross-validation, and that further research is required to evaluate the feasibility of mapping S.

montevidensis using remote sensing data in this particular site.

In this work, we opted to exclude highly anthropogenically modified saltmarshes due to the ob-
served differences in environmental gradients and species composition compared to natural salt-
marshes. Most of these modified saltmarshes are the result of reclamation of artificially flattened
areas behind dykes that alter or completely isolate them from the influence of tides (Sousa et al.,
2020). The combination of the altered tidal regime, distinct species composition (Almeida et al.,
2014; Amaral et al., 2023) and the absence of training data for these saltmarshes reduced our con-
fidence in the model’s ability to accurately identify these saltmarsh communities. Even in some nat-

ural sites, the lack of a well-defined or even a non-existent elevation gradient resulted in saltmarsh
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areas where communities form interspersed patches (Figure 7). The exclusion of the modified areas
results in an underestimation of the total saltmarsh area across the study system. Accurately classi-
fying such areas would require improvements in the water-line method to better account for the spa-
tial variation in tidal elevation, as well as the collection of updated, site-specific vegetation data for
model training and testing purposes. Incorporating such areas into new mapping efforts, could
broad the model's application to monitor restoration initiatives of saltmarshes, which often target

degraded modified saltmarsh habitats.

-

Imagery from Planet team (2024)

Imagery from Planet team (2024)

Figure 7 — Examples of the final mapping output in the Ria Formosa lagoon (left column), real col-
our view of the satellite image composite (middle composite; Planet team, 2024) and Google Earth
imagery (right column; Google, 2023) for two sites: (A) Site with a gradual transition from low to

middle and high marsh in the Ria Formosa lagoon; (B) site in the Guadiana estuary where a less ac-
centuated vertical elevation gradient leads to large flat saltmarsh areas, with less accurate mapping

results.
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4.3. Saltmarsh area in the Algarve

We estimated that non-anthropogenically modified saltmarshes in the Algarve cover an area of ap-
proximately 4,572 ha. The most common saltmarsh community was the middle saltmarsh, account-
ing for 45 to 71% of the total saltmarsh area in each system. However, it is important to note that
the middle saltmarsh is also likely the most overestimated class, with a user accuracy of 58.3%.
This can be attributed to its nature as the transition between low to high saltmarsh, including species
from above and below levels, making it more prone to misclassification. The predicted saltmarsh
proportions were consistent with the field sampling data, where middle saltmarsh represented

41.5% of the in-situ observations.

The saltmarsh area estimated in this study falls within range of previous estimates (Table 4).
Mcowen et al. (2017) compiled the global extent of saltmarshes for 2010, categorized their estim-
ates based on the data quality. In the studied wetlands, two remote sensing estimates were provided:
one with ground-truthing validation of the estimate, and one without. In the Guadiana, our estimate
was 4-fold higher than the ground-truth estimate of Mcowen et al. (2017), but half of the non-valid-
ated one. The Guadiana estuary has vast areas of flat saltmarsh partially or totally enclosed by
dykes that have been modified for livestock farming, making those areas harder to identify as salt-
marsh. While we removed those modified saltmarshes from our analysis, Mcowen et al. (2017) in-
cluded them in the non-ground-truth estimate, which partially explains the large differences in the
saltmarsh area estimated. In Ria Formosa, the ground-truth area estimated by Mcowen et al. (2017)
was smaller than our estimate, with the most significant difference arising from areas that we classi-

fied as high saltmarsh.

Table 4 - Comparison of previous estimates for saltmarsh areas in the study systems with estimates

from this work. (1) Estimate for 2010 by Mcowen et al. (2017). When a range is provided, the lower
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value is the ground-truthed record and highest is the full extent mapped; (2) Estimate for 2010 by

Almeida et al. (2014).

Alvor Arade Ria Formosa Guadiana
49 ha (1) 87 ha (1)
References 2,978 - 6,048 ha (1) 127-1,067 ha (1)
72 ha (2) 118 ha (2)
Our estimate 99 ha 164 ha 3,897 ha 412 ha

4.4 Conclusions and future perspectives

Improvements of remote sensing technology have brought higher spatiotemporal resolution im-
agery, allowing for a higher flexibility in the methods used for coastal remote sensing. This in-
creased flexibility makes the technology more suitable for local and regional studies, rather than be-

ing limited to large-scale applications, thereby enhancing its potential for habitat monitoring efforts.

The workflow developed in this study may be used to improve saltmarsh area estimates of coastal
ecosystems, with the particular benefit of delimiting saltmarsh vertical distribution communities.
This last step, which is often overlooked, is crucial for accurately assessing the delivery of certain
ecosystem services, such as carbon sequestration, as different saltmarsh elevations can exhibit signi-
ficantly varying sedimentation conditions (Costa et al. 1996) and carbon accumulation potential

(e.g. Mazarrasa et al., 2023).

Future work would ideally extend these methods to a fully supervised workflow, allowing us to re-
move the need for user made decisions. Such an approach would allow for full automation of the

workflow, making it better suited for applications like analysing long-term time series data.
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Figure S1-Distribution of tidal elevations used to create the submersion time feature for the study
systems. The blue histogram shows the observed tidal elevations (m relative to EPSG: 10349 - ZH
Portugal Depth), while the black lines in the X axis show elevations of the images used to estimate

intertidal pixel submersion times.
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Figure S2 — Location of sampled transects for each study site.




Table S1 — Information about sampled vegetation transects. Sites are unique to each wetland.

Wetland Survey Site Transect name Date Quadrat n
Alvor A 1 sal alvor WBI1 sl tl 2019-07-19 107
Alvor A 1 sal alvor WB1 sl t2 2019-07-19 39
Alvor A 1 sal alvor WBI1 sl t3 2019-07-19 49
Alvor A 2 sal alvor WB1 s2 tl 2019-07-19 147
Alvor A 2 sal alvor WB1 s2 t2 2019-07-19 80
Alvor A 2 sal alvor WB1 s2 t3 2019-07-19 96
Arade A 1 sal arade WB1 sl tl 2019-07-18 26
Arade A 1 sal arade WBI1 sl t2 2019-07-18 29
Arade A 1 sal arade WB1 sl t3 2019-07-18 28

Guadiana A 1 sal guad WBI sl tl 2019-07-16 42

Guadiana A 1 sal guad WBI1 sl t2 2019-07-16 42

Guadiana A 1 sal_guad WBI sl t3 2019-07-16 49

Guadiana A 2 sal_guad WB4 sl tl 2019-07-16 34

Guadiana A 2 sal guad WB4 sl t2 2019-07-16 36

Guadiana A 2 sal guad WB4 sl t3 2019-07-16 34

Ria Formosa A 1 sal ria WB1 sl tl 2019-06-06 46
Ria Formosa A 1 sal ria WBI1 sl t2 2019-06-06 47
Ria Formosa A 1 sal ria WB1 sl t3 2019-06-06 46
Ria Formosa A 2 sal ria. WBI1 s2 tl 2019-06-06 65
Ria Formosa A 2 sal ria WBI1 s2 t2 2019-06-06 47
Ria Formosa A 2 sal ria WBI1 s2 t3 2019-06-06 43
Ria Formosa A 3 sal ria. WB2 sl tl 2019-06-06 41
Ria Formosa A 3 sal ria WB2 sl t2 2019-06-06 50
Ria Formosa A 3 sal ria WB2 sl t3 2019-06-06 52
Ria Formosa A 4 sal ria WB2 s2 tl 2019-06-04 40
Ria Formosa A 4 sal ria WB2 s2 t2 2019-06-04 49
Ria Formosa A 4 sal ria WB2 s2 t3 2019-06-04 33
Ria Formosa A 5 sal ria. WB3 sl tl 2019-06-04 44
Ria Formosa A 5 sal ria WB3 sl t2 2019-06-04 43
Ria Formosa A 5 sal ria. WB3 sl t3 2019-06-04 35
Ria Formosa A 6 sal ria WB3 s2 tl 2019-06-03 50
Ria Formosa A 6 sal ria WB3 s2 2 2019-06-03 46
Ria Formosa A 6 sal ria WB3 s2 t3 2019-06-03 50
Ria Formosa A 7 sal ria WB4 sl tl 2019-06-07 72
Ria Formosa A 7 sal ria WB4 sl t2 2019-06-07 68
Ria Formosa A 7 sal ria WB4 sl t3 2019-06-07 76
Ria Formosa A 8 sal ria WB4 s2 tl 2019-06-07 47
Ria Formosa A 8 sal ria WB4 s2 2 2019-06-07 49
Ria Formosa A 8 sal ria WB4 s2 t3 2019-06-07 38
Ria Formosa A 9 sal ria WB5 sl tl 2019-06-05 54
Ria Formosa A 9 sal ria. WBS sl t2 2019-06-05 82
Ria Formosa A 9 sal ria. WBS sl t3 2019-06-05 49
Ria Formosa A 10 sal ria. WBS s2 tl 2019-06-05 36
Ria Formosa A 10 sal ria WBS s2 t2 2019-06-05 42
Ria Formosa A 10 sal ria WBS5 s2 t3 2019-06-05 51
Alvor B B alvor Bl 2023-04-21 8
Alvor B B alvor Bl extra 2023-04-21 3
Alvor B C alvor_Cl1 2023-05-09 21
Alvor B D alvor D 2023-05-09 7
Arade B A arade Al 2023-04-19 6
Arade B B arade Bl 2023-04-20 2
Arade B C arade Cl1 2023-04-20 17
Arade B C arade C2 2023-04-20 1

Guadiana B A transect 2 2023-11-14 17

Guadiana B B Transect 1 2023-11-15 21

Guadiana B C Transect 3 2024-03-13 16



Table S2 - Summary of train and test dataset, with number of quadrats per class and per study sys-

tem.
Dsztta Community N Study system N
Alvor 21
Lo 180 )
W (35.2%) Guadiana 91
Ria Formosa 68
Alvor 74
%0 Middl 192 Arade 52
7 iddle o
& (37.6%) Guadiana 6
Ria Formosa 60
Alvor 51
) 139 )
High (27.2%) Guadiana 6
Ria Formosa 82
Alvor 58
Low 643 ]
(33.2%) Guadiana 138
Ria Formosa 447
Alvor 262
en
.g Arad 57
£ Middle ( - " e
= = Guadiana 40
Ria Formosa 465
Alvor 91
: 470
High (24.3%) Guadiana 10

Ria Formosa 369




Table S3 - Species composition of the saltmarsh communities (low, middle or high saltmarsh) for

each study system. The values indicate the percentage of quadrats within a saltmarsh community in

which the species was present.

. Alvor Arade Ria Formosa Guadiana
Species Low Middle High |Middle| Low Middle High | Low Middle High
Arthrocaulon macrostachyum| 2.5 0 535 0 0 0.2 26.8 0 0 25
Atriplex halimus 0 0 4.2 0 0 0 0 0 0 0
Atriplex portulacoides| 17.7 83 21.1 66.1 2.9 41.9 30.8 8.3 100 0
Caroxylon vermiculatum 0 0 29.6 4.6 0 0 12 0 0 12.5
Cistanche phelypaea 0 0.6 7 0 0 0 4 10.9 0 0
Juncus effusus 0 0.6 0 0 0 0 0 0 0
Limbarda crithmoides 0 0 0 2.8 0 0 3.8 0 0 0
Limoniastrum monopetalum 0 0 43.7 2.8 0 0 31.7 1.3 0 25
Limonium vulgare| 1.3 0.6 24.6 2.8 2.1 0 153 0 2.2 0
Myriolimon ferulaceum 0 1.2 9.2 0 0 0.2 1.8 0 0 0
Phragmites australis 0 0 0 0 0 0 1.6 0 0 0
Puccinellia maritima 0 0 0 0 0.6 0.2 4.4 0 0 0
Salicornia europaea 0 0.9 0 0 0 0.4 1.6 6.1 2.2 0
Salicornia fruticosa 0 80.4 16.9 12.8 0 75.4 39 12.7 47.8 6.2
Salicornia perennis| 58.2 26.2 0.7 62.4 39.2 58.7 16.6 33.6 13 0
Spergularia bocconei 0 0 0 0 0 0.2 0 0 0 0
Sporobolus maritimus| 84.8 7.4 2.8 1.8 100 13.5 1.6 52.4 13 0
Sporobolus montevidensis| 2.5 2.1 0 23.9 0 0 6.7 44.5 78.3 18.8
Suaeda vera| 5.1 17.3 373 0.9 0 0 335 0 6.5 62.5
Triglochin maritima 0 0 2.8 0 0 0 0 0 0 0
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