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Abstract: Salt marshes are one of the most productive ecosystems and provide numerous ecosystem
services. However, they are seriously threatened by human activities and sea level rise. One of
the main characteristics of this environment is the distribution of specialized plant species. The
environmental conditions governing the distribution of this vegetation, as well as its variation
over time and space, still need to be better understood. In this way, these ecosystems will be
managed and protected more effectively. Low-altitude remote sensing techniques are excellent
for rapidly assessing salt marsh vegetation coverage. By applying a high-resolution hyperspectral
imaging system onboard a UAV (UAV-HS), this study aims to differentiate between plant species
and determine their distribution in salt marshes, using the salt marshes of Cadiz Bay as a case
study. Hyperspectral processing techniques were used to find the purest spectral signature of
each species. Continuum removal and second derivative transformations of the original spectral
signatures highlight species-specific spectral absorption features. Using these methods, it is possible
to differentiate salt marsh plant species with adequate precision. The elevation range occupied by
these species was also estimated. Two species of Sarcocornia spp. were identified on the Cadiz Bay
salt marsh, along with a class for Sporobolus maritimus. An additional class represents the transition
areas from low to medium marsh with different proportions of Sarcocornia spp. and S. maritimus.
S. maritimus can be successfully distinguished from soil containing microphytobenthos. The final
species distribution map has up to 96% accuracy, with 43.5% of the area occupied by medium marsh
species (i.e., Sarcocornia spp.) in the 2.30-2.80 m elevation range, a 29% transitional zone covering in
1.91-2.78 m, and 25% covered by S. maritims (1.22-2.35 m). Basing a method to assess the vulnerability
of the marsh to SLR scenarios on the relationship between elevation and species distribution would
allow prioritizing areas for rehabilitation. UAV-HS techniques have the advantage of being easily
customizable and easy to execute (e.g., following extreme events or taking regular measurements).
The UAV-HS data is expected to improve our understanding of coastal ecosystem responses, as well
as increase our capacity to detect small changes in plant species distribution through monitoring.

Keywords: coastal marsh; continuum removal; hyperspectral; spectral signatures; unmanned aerial
vehicle (UAV); vegetation species discrimination; second derivative transformation

1. Introduction

Salt marshes are ecological transition zones where marine and terrestrial ecosystems
interact [1]. These ecosystems are characterized by a unique and highly specific assemblage
of plants and animals [2] and high primary production, with the plant species being a
crucial component of the system dynamics [3]. They offer numerous recognized ecosystem
services; highlights among them are the services of coastal protection and blue carbon
sink [4-7].
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Tidal salt marsh vegetation is typically halophyte and has to tolerate regular periods
of immersion/emergence, salinity and anoxia [8,9]. To adapt to these stresses, these plants
have developed unique morphological, anatomical, and physiological characteristics [10,11].
The distribution of the salt marsh plant species follows a typical zonation pattern along
the elevation gradient [12,13]. This elevation gradient includes gradients in salinity, redox
potential, soil N content, soil clay content, and soil organic matter [2]. However, elevation
seems a major determinant for the establishment of all of them.

Unfortunately, increasing human populations have caused an extensive loss, degrada-
tion, and fragmentation of coastal ecosystems worldwide [14]. The main anthropogenic
pressures on salt marshes include changes in hydrological and salinity regimes, physical
deterioration or removal of coastal features, and urbanisation [15-17]. However, the main
concern nowadays in any coastal ecosystem is the survival of the particular ecosystem in a
climate change scenario [18]. Although there are numerous examples of modelling these
responses in the literature [19-22], a major modelling limitation is still the low availability
of adequate datasets. Remote sensing (RS) techniques are changing this scenario with the
provision of high-resolution spatial data that will support a new generation of computer
models [18].

Sea level rise is probably the major threat to tidal salt marshes [18]. Changes in
sea level are equivalent to changes in elevation. Therefore, our capacity for monitoring
changes in elevation and plant species distribution is going to be key for developing early
warning management plans. RS techniques are a straightforward and cost-effective way to
extract information since they provide recurring datasets in short time scales at affordable
prices. Maps and assessments of coastal habitats have both benefited greatly from the
use of RS techniques [1,23]. For example, the loss and degradation of salt marshes have
been successfully evaluated by combining long-term LANDSAT imagery and numerical
modelling [24]. Sentinel-2 and Landsat archives proved to be useful tools for tracking
long-term salt marsh extent dynamics [25]. More recently, deep learning models, powered
by Sentinel imagery, have improved the mapping of low and high salt marsh land cover in
South Carolina coastal wetlands [26].

Differences in the biophysical properties of salt marsh plants generate spectral dif-
ferences that can be detected using hyperspectral (HS) data [27-29]. However, airborne
or satellite-based HS imaging has a spatial resolution (meter to tens of meters) that is
probably not adequate to identify species distribution due to the considerable spatial het-
erogeneity in salt marshes [25,30]. Previous works on HS images from the EO-1 Hyperion
satellite (30 m pixels) concluded that 30 m is insufficient spatial resolution to accurately
distinguish between species with spectral similarities, such as Sporobolus maritimus (Curtis)
PM.Peterson & Saarela (previously named Spartina maritima (Curtis) Fernald) and Sar-
cocornia spp. A.J.Scott [31]. Combinations of Quickbird images (2.4 m resolution in the
multispectral mode) with high spectral data from Hyperion (242 narrow bands and 30 m
pixel) have been probed to map different salt-marsh species with acceptable accuracies in
classification [32]. Pléiades images provide a robust and consistent global identification
of the salt marsh zone. However, the application of its multispectral (MS) 2 m spatial
resolution images proved to be insufficient for early assessment of the Spartina anglica C.E.
Hubb. (currently Sporobolus anglicus (C.E. Hubb.) P.M.Peterson & Saarela) invasion, mainly
due to the small size of the patches [33].

Nowadays, most of the RS techniques have developed integrable sensors into un-
manned aerial vehicles (UAVs). For the intertidal zone, UAVs that fly up to 120 m alti-
tude are suitable to identify spatial heterogeneity in microtopography, canopy height or
greenness [34-36]. In addition, UAVs offer significant operational flexibility and mini-
mal costs [34,37], allowing flight dates to be tailored. Therefore, UAVs may provide the
necessary spatial and temporal resolution for mapping species distribution and their tem-
poral changes. High-resolution RGB cameras integrated into UAVs have been previously
employed in salt marsh environments. Farris et al. [38] used UAV-LiDAR to track the
salt marsh shoreline, while Yan et al. [39] used UAVs to examine environmental factors
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influencing the ecological response of Spartina alterniflora Loisel. (currently Sporobolus
alterniflorus (Loisel.) PM.Peterson & Saarela). UAV-multispectral (UAV-MS) technology has
also shown utility in calculating indices of plant diversity and species richness in wetland
communities [40]. Villoslada et al. [41] have shown that maps created from UAV-MS images
provide useful data for managing plant communities and assessing the effects of climate
change on coastal meadows. However, achieving a high-accuracy classification requires
the use of a large variety of vegetation indices and the evaluation of the spectral properties
of the training samples.

The use of UAV hyperspectral remote sensing (UAV-HS) in salt marshes combines the
advantages of high spatial and spectral resolutions to capture the finer scale of spectral
and spatial heterogeneity. UAV-HS has previously been used to classify desert steppe
species [42], using spectral transformation to enhance species differences in vegetation
indices with an overall accuracy of 87%. UAV-HS is able to detect salt stress in crop-
lands and the accuracy performance of this technique improves in conjunction with other
techniques [43]. Although several salt marsh vegetation species have undergone field
hyperspectral investigation through field spectrometer measurements [28,44], this is likely
the first work using a UAV hyperspectral sensor in a salt marsh environment.

Advances in RS technique applications require adequate study cases. Cadiz Bay offers
an excellent system for assessing the capacity of UAV-HS in the discrimination of salt marsh
vegetation species distribution. This tidal environment is home to the southernmost tidal
salt marshes in Europe and is protected by numerous environmental protection figures at
local and international levels. Cadiz Bay was designated a Natural Park in 1989 (Bahia de
Cadiz Natural Park, PNBC, [45]) and RAMSAR site in 2002 (site no. 1265, [46]). The system
is considered an important resting place on the migratory route of birds and is included in
the Natura 2000 network (ES0000140, as SCA and SPA). Located between two seas and two
tectonic plates, Cadiz Bay is a key place for biodiversity studies [47-50].

This work examines the potential of high spatial and spectral resolution UAV-HS data
to accurately identify and differentiate the distribution of the salt marsh vegetation at the
level of species. The specific goals are (1) to determine which is the appropriate UAV-HS
dataset to map salt marsh vegetation; (2) to assess the separability of salt marsh interest
classes; and (3) to estimate the elevation ranges of the detected species. These findings are
expected to become a starting point for the early assessment of salt marsh degradation and
help in the selection of areas for salt marsh rehabilitation or detection of the establishment
and spread of alien species.

2. Materials and Methods
2.1. Site Description

Cadiz Bay hosts the southernmost European coastal wetland, located where the
Mediterranean Sea, the Atlantic Ocean, and the continents of Europe and Africa converge
(Figure 1). Located on the Atlantic coastline, precipitation, wind, and waves are influenced
by large-scale oceanic weather systems that cross the North Atlantic [51]. Cadiz Bay is
delimited by the tombolo of the city of Cadiz, with NNW-SSE orientation, and opens
towards the Atlantic Sea to the north [52]. The entire bay is formed by two water bodies,
the external and the inner bay, connected by tides through a narrow strait [53]. The external
basin has depths up to 20 m, whereas the inner basin has a mean depth of about 2 m, and is
sheltered from ocean waves [54]. The intertidal system of the bay is composed of natural
salt marshes, salinas, mudflats, and an intricate network of tidal creeks [55]. The tidal
regime is mesotidal semi-diurnal with a mean spring tidal range of 2.96 m [56].

The distribution of vegetation in the natural salt marshes of Cadiz Bay follows a con-
ventional mid-latitude zonation [57], although the protective walls of the salinas frequently
cut off the high marsh. The low marsh is mostly inhabited by Sporobolus maritimus, whereas
the medium marsh is dominated by Sarcocornia spp., primarily Sarcocornia fruticosa (L.)
A.].Scott and Sarcocornia perennis (Mill.) A.]J.Scott, and other halophytic species in lower
abundance (Figure 2). Seagrass beds of Zostera noltei Hornem. and Cymodocea nodosa
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Asch., as well as patches of Zostera marina L., are found at the lower parts of the intertidal

zone [53].
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Figure 1. Location of the Cadiz Bay: regional context (a) and detail of the study area (b,c) The white
rectangle in picture c represents the flight area for the UAV-HS survey. Coordinates are expressed in
ETRS89/UTM zone 29N reference system (EPSG:25829).

(h) Trausition Zone

Figure 2. Landscapes with dominant vegetation throughout the salt marsh horizons. (a) Sarcocornia
spp. populate the medium salt marsh horizon. (b) The vegetation of medium and low horizons
overlaps in a narrow fringe here called the transition zone. The abundance of species from the medium
and the low horizons can be found in different proportions. (c) Sporobolus maritimus dominates the
low horizon of the salt marsh.

Our study area was selected in an area with a wide and well-developed natural salt
marsh zonation, in the north-eastern corner of the inner bay [54].
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2.2. UAV and Hyperspectral Sensor

This work was performed with a Matrice 600 hexacopter (DJI) (UAV from now)
equipped with a co-aligned VNIR-SWIR hyperspectral (HS from now) system (Headwall
Photonics), all property of the University of Cadiz [58].

The HS unit captures continuous information in the 400-2500 nm spectral range,
(see [58] for further information). The HS instrument provides VNIR and SWIR data
as separate files, but they can be stacked in a single hypercube containing the complete
VNIR-SWIR information (see Section 2.4.2).

For data accuracy, the HS system includes an APX-15 GNSS-inertial solution (Trimble
Applanix), and the UAV incorporates three built-in GPSs. These GPSs provide an accuracy
of £0.5 m and £1.5 m in the vertical and horizontal, respectively. However, the post-
processing of the APX-15 data increases accuracy to 0.02 m and 0.05 m, respectively.

2.3. UAV-Based Data Acquisition

Flight operations were conducted on 22 October 2021 between 10 am and 12 pm with
a low tide of 1.3 m LAT (lowest astronomical tide), covering an area of 4.8 ha (Figure 1c).
Clear weather ensured uniform lighting conditions for setting the flight and the sensor.
The flight mission was planned with UgCS desktop, version 4.5 (SPH engineering). The
flight altitude was set at 120 m and the speed at 5 m/s to ensure radiometric quality. This
HS sensor does not require frontal overlap, but a 40% lateral overlap was set to assure
the subsequent reconstruction of the orthomosaic. The sensor was calibrated by obtaining
a reference spectrum in the 400-1700 nm range from a radiometrically calibrated tarp
(3 x 3m). A Reach RS2+ RTK GNSS antenna (EMLID) was used as a base station (see
Section 2.4.1). This antenna allows for obtaining more precise results with accuracies of
4 mm + 1 ppm and 8 mm + 1 ppm, in horizontal and vertical measurements, respectively.

2.4. Hyperspectral Data Processing

This section summarizes the processing to generate the HS products (Figure 3). The
processing was performed with ENVI, v. 5.3.6 (L3Harris Geospatial Solutions, Inc., Broom-
field, CO, USA -.), whereas QGis, v. 3.26.3 (QGIS Development Team) was used for the
visualization and handling of raster deliverables. The projected coordinate system used in
this work was the ETRS89, UTM zone 29 N (EPSG:25829).

(0) SBET
generation
UAV-HS (1) 2 1 (5) layer 7) (10)
data - Radiance —Rellectance— more(c:'ir)}f.r‘carfon_’mosgg in _.stacking/noisy____ (INF L?:’L —»ng)v—-Endmembers—-en dr'r(ltﬂbers
acquisition  corection  correction 9 bands transform extraction
remaving
T
% (12)
8 o e
classification
T
(14)
ROIs
generation
T
(15) SVM
classification

Figure 3. Flowchart showing the hyperspectral processing steps. Rounded boxes indicate data or
products, rectangle boxes represent processes. Numbers in brackets refer to the respective explanation
in the text. SBET: smoothed best estimate of trajectory; MNF: minimum noise fraction; PPI: pixel
purity index; n-DV: n-dimensional visualizer; NDVI: normalized difference vegetation index; SAM:
spectral angle mapper; ROISs: regions of interest; SVM: support vector machine. See text for details.
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2.4.1. Hyperspectral Pre-Processing

Data from the APX-15 is processed with the POSPac UAV software, v. 8.9 (Trimble
Applanix), using the data from the antenna to improve accuracy and create the smoothed
best-estimated trajectory (SBET). This file, with root mean square errors (RMSEs) within
0.02-0.05 m, is used for the orthorectification of the hypercubes (Figure 3(0)).

The VNIR and SWIR data cubes are processed separately using SpectralView, v 3.2.0
(Headwall Photonics) as follows: (1) raw data is transformed to radiance (Figure 3(1))
by subtracting the dark reference from the digital numbers (DNs). The dark spectrum is
collected in the field by covering the sensor lens after the mission and is considered sensor
noise; (2) the reflectance correction is the conversion of radiance to reflectance (Figure 3(2)).
This step is used to build a line of best fit between the radiance of the HS sensor and the
reflectance measured on the radiometric tarp [59,60]; (3) the orthorectification (Figure 3(3))
is performed by combining a precision DSM and the SBET from step 1. For this operation,
a DSM from Curcio et al. [34] was used, with 0.05 m/pixel resolution and 0.01 m mean
accuracy; (4) the processed VNIR and SWIR hypercubes are stitched together (mosaicking,
Figure 3(4)) into a single final mosaic that is orthorectified and georeferenced.

2.4.2. Hyperspectral Post-Processing

Atmospheric correction is not required when flying at a maximum altitude of 120 m.
Once mosaicked, VNIR and SWIR hypercubes are stacked into a single file and the wave-
lengths associated with water vapour absorbance (i.e., 1350-1460 nm; 1790-1960 nm;
2350-2500 nm [28]) are excluded, resulting in an orthomosaic with 418 exploitable bands
(Figure 3(5)).

The Normalized Difference Vegetation Index (NDVI) is used to discriminate the
presence of vegetation in the study area (Figure 3(6)) and generate the training set for the
final classification step (see Section 2.5). The NDVI map layer is calculated according to
Equation (1):

NDVI = (NIR — RED)/(NIR + RED) D

with NIR and RED as the near-infrared and red bands centred at 860 nm and 649 nm,
respectively. Very low NDVI values (0.1 and below) are associated with bare soil or
water, moderate values (~0.3) correspond to shrub and grassland, and high values (0.6-1)
are associated with high-density plants and healthy physiological conditions [61]. Since
only shrub and grassland vegetation was considered for this work, the NDVI map layer
was masked with a threshold of 0.3. The product of this step is a raster with only
vegetation distribution.

2.4.3. Endmember Extraction

An endmember is a pure signature for a class [62] and they are essential for the clas-
sification of HS data. Pure signatures from hyperspectral imagery can be found using
minimum noise fraction (MNF), the Pixel Purity Index (PPI), and endmember extraction
techniques (Figure 3). The MNF maximises the noise-to-signal ratio and reduces dimension-
ality without sacrificing information [63] (Figure 3(7)). Most of the significant information is
contained in the first MNF bands, which are used in successive processing, ignoring the rest
of the bands containing only noise [64]. The PPI technique [65] searches for pure spectral
signatures by identifying the pixels with the fewest mixed spectral signatures (Figure 3(8)).
The PPI image locates the pure pixels of the scene, which will then be used to extract the
spectra of the potential endmembers [66]. A region of interest (ROI) is a dataset sample con-
sidered important for a particular purpose [67]. In this case, the regions of interest (ROls)
contain the pixels with the pure spectra in the scene and are imported in the n-Dimensional
Visualizer scatter plot (n-DV; Figure 3(9)). The n-DV is an ENVI tool for visualising the
distribution of pixels in the n-D space (where n is the number of bands), allowing the purest
pixels representing the spectral endmembers to be identified and clustered (Figure 3(10,11)).
After these steps, the classification procedure can be carried out.
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2.5. Classification

The classification process uses unsupervised and supervised algorithms to map the
spatial location and abundance of each endmember spectrum. The relevant MNF bands
are the input for the ISODATA algorithm (Figure 3(12)), which iteratively clusters the
pixels using the least distance approach [68]. The result is a first classified image based
on the inherent spectral information of the dataset, with each class represented by a
different endmember.

The next level of classification is produced by the spectral angle mapper (SAM) al-
gorithm (Figure 3(13)), which calculates the angle between two spectra to identify their
spectral similarity based on a maximum angle threshold [69]. This threshold is set to
0.1 radians to minimize spectral mixing issues. This algorithm uses the endmembers of the
unsupervised classification to classify.

The last algorithm selected in this study is the support vector machine (SVM)
(Figure 3(15)), selected because of the good results it produces with heterogeneous, complex,
and noisy data [70]. The SVM separates the classes using a training set with class samples
(i.e., support vectors) [71], with every class represented by an ROL. In this case, ROIs are
generated based on three sources of information: (1) the unsupervised classification; (2) the
SAM-classified image; (3) the NDVI map (Figure 3(14)).

2.6. Spectral Analysis

To verify that UAV-HS datasets can differentiate vegetation at the species level in salt
marshes, the separability of the spectral signatures of the classifications must be tested.
This was analysed through spectral transformations. In addition, the usefulness of new
spectral indices for the separation of species is explored, using the relevant wavelengths
highlighted by the spectral transformations to generate them.

2.6.1. Continuum Removal and Second-Order Derivative

The differences in absorption and reflection spectra between vegetation species can
be very small, making classification difficult. Spectral transformation, such as continuum
removal (CR) and derivative spectroscopy, have the potential to amplify small differ-
ences [28,42,72]. CR is used to normalize the spectra, and sometimes this is enough to
highlight differences in absorption and reflection spectra [73]. The second-order deriva-
tive method (2nd derivative from now) emphasises the small differences in absorption
peaks associated with biochemical properties, allowing for the identification of different
species [28,74]. To enhance the signal-to-noise ratio and extract additional hidden spec-
tral features, the 2nd derivative spectrum is filtered using a boxcar average smoothing.
All transformed spectra are analysed in four separated wavelength windows: visible
region (VIS, 400-700 nm), near-infrared region (NIR, 700-1000 nm), and two regions of
short-infrared (SWIR1, 1000-1800 nm; SWIR2, 1800-2350 nm).

2.6.2. Spectral Indices (SI)

New spectral indices (SI) have been constructed from the most outstanding absorption
and reflectance features (peaks and valleys of the 2nd derivative, respectively) of the
transformed spectrum. These indices can emphasize the distribution of different vegetation
species in the salt marsh. Each Sl is calculated according to Equation (2) (known as the
normalized difference):

SIBZ-Bl = (BZ — Bl)/(BZ + Bl) (2)

where Slp; g1 is the calculated spectral index, B1 is the wavelength presenting the absorption
feature, and B2 is the wavelength presenting the reflectance feature. This type of equation
brings out characteristics not initially visible.
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2.7. Validation
2.7.1. Spectral Signatures

The spectral responses of our study area were previously studied in 20142015 (FAST
project, [75]). In the FAST project, each sampling point was a 1 x 1 m area where five
reflectance measurements were made using a field hyperspectral radiometer for the VNIR
range (400-1000 nm).

The FAST spectra measurements are utilised here as a reference spectral library to
identify species based on their spectral features. All spectra from our classification results
are compared to the library using the Spectral Analyst tool from ENVI. The similarities
of our classification spectra to those in the library are calculated by providing a similarity
score to each spectrum in the library, with the highest score considered the closest match
(i.e., the most confident spectral similarity). This analysis considers only the wavelength
range available in the FAST library (400-1000 nm).

2.7.2. Classification

Two methods are used to determine the SVM classification accuracy. The first one is
the comparison of the classification results with the composition of species observed at
60 randomly sampled points in the study area. To buffer small errors associated with very
precise locations, the species from the classification was determined as the prevalent class
in a 15 cm diameter buffer area around each point.

The second method is the comparison with random pixels from other sources. In
total, seven comparisons are performed from seven sets of random pixels. One set is
obtained from the training ROIs. The other six sets are generated from the unsupervised
classified image using different sampling methods: (1) two sets are generated with stratified-
proportionate samples (SP), with sizes directly related to the size of the classes; (2) two sets
of equalized samples (Eq), with fixed size regardless of the class size; and (3) two sets of
random samples (R), using 10% and 20% of the total pixels.

For each comparison, the accuracy is determined from (1) the overall accuracy, calcu-
lated by counting the correctly classified values and dividing by the total number of values;
(2) producer accuracy, which measures the likelihood of correctly classifying a value into
each class; (3) user accuracy, which shows the likelihood that a prediction belongs to the
correct class. Each probability is determined by dividing the proportion of correct values
by the total number of values in a class.

2.8. Elevation of Species Distribution

Once the vegetation classes are confirmed, their elevation distribution is assessed
using a DEM with 0.24 m/pixel resolution and a mean accuracy of 0.04 m [34]. The
corresponding elevations are extracted for each class using 5 cm sampling grids. After
removing outliers, the elevation of each class is characterized using a set of statistical
parameters (i.e.,, minimum, maximum, median, and mode).

3. Results
3.1. Classification Result

For the SVM supervised classification, a total of 15 ROIs were recognized, correspond-
ing to 15 classes, 7 of them associated with vegetation classes. However, only four of these
classes are within the salt marsh horizons considered in this work. Regarding the other
three vegetation classes, one has been associated with macrophyte debris deposited in the
uppermost zone of the salt marsh by an extreme high tide event, and the other two with
the typical vegetation of the saline wall. These last two classes are outside the scope of this
work and, therefore, will not be taken into consideration. Nevertheless, it is interesting that
they can be distinguished from salt marsh species.

Of the 4.8 ha of surveyed salt marsh, the spatial mapping of the endmembers estimates
a vegetation cover of 14.7% of the area. These species are distributed parallel to the mean
sea line and in different elevation ranges.
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Macroalgae
Bl Vegetation 1
W Vegetation 2
9 Vegetation 3
Bl Vegetation 4

In this work, the vegetation classes within the salt marsh horizons include four classes
of salt marsh species and a fifth class associated with macroalgal debris. From high to low
elevations, the distribution of these classes is macroalgal debris deposits first, followed
by vegetation 1 and 2 in the mid-horizon, vegetation 3 within the transition zone, and
vegetation 4 in the low horizon. The area covered by these classes is 2.9%, 9.2%, 34.3%,
28.9%, and 24.9% of the vegetated area, respectively (Figure 4).

753,300 753,400

4,044,500

4,044,800

0 25 50 75m
I

Figure 4. Salt marsh vegetation distribution according to the SVM classification. The white line
defines the boundaries of the surveyed area, corresponding to 4.8 ha. The macroalgae class is
debris deposited in the uppermost zone of the salt marsh representing less than 3% of the vegetated
space. Vegetation 1 and vegetation 2 are distributed along the medium marsh horizon, vegetation
3 corresponds to the transitional zone, and vegetation 4 spreads along the low marsh horizon. The
classification is superposed on the orthomosaic obtained by the hyperspectral survey displayed in
true colour combination.

3.2. Spectral Analysis

The four marsh vegetation classes show typical plant spectral curves (Figure 5). The
peaks of each class are located at the same wavelength (+5 nm), presenting only quantitative
differences. The macroalgae class showed clear divergences from this pattern. First, the
strong absorption peak in the red region (peak 3 in Figure 5) is less pronounced than in plant
classes. It also lacks the absorption peak at 943 nm (peak 6 in Figure 5). There is a significant
increase in reflectance from the red-edge region to the SWIR1 region (i.e., 700-1300 nm),
and also higher reflectance in entire the SWIR region (1000-2350 nm) (Figure 5, Table 1).

Table 1. Wavelengths of the absorption peaks detected in the spectral signature of the marsh vegeta-
tion classes of Cadiz Bay. The numbers in the column headers correspond to the peaks indicated in
Figure 5. Units: nm.

Class\Peak 1) (2) 3) 4) (5) (6) (7) 8) ) (10)
Macroalgae 447 500 669 776 864 - 997 1182 1523 2025
Vegetation 1 443 492 669 776 860 943 991 1206 1523 2025
Vegetation 2 447 487 669 776 860 943 991 1194 1523 2025
Vegetation 3 447 487 669 776 864 943 997 1188 1523 2025
Vegetation 4 443 483 669 776 864 943 997 1182 1523 2025
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Figure 5. Spectral profiles (a) and the corresponding continuum removal transformations (b) for
the salt marsh vegetation classes identified in Cadiz Bay. The grey areas highlight the water vapour
absorbance regions (1350-1460 nm and 1790-1960 nm) excluded from the hyperspectral processing.
The numbers in brackets indicate the absorbance peaks of the spectral signatures. Note that minimum
values are absorption peaks and maximum values are reflectance peaks.

The 2nd derivative transformation accentuated small differences not previously ob-
served in the reflectance curves (Figures A1-A4). These effects are more pronounced
in the SWIR1 region, and the variations between 2013 and 2329 nm (SWIR2 region) are
particularly notable.

The spectral indices (SI) were constructed with the significant absorbance peaks at
1057, 1110, 1152, 1182, 1260, and 1331 nm, generating 811152_1110, 811331_1260, 811182_1057,
and Slysp3-1290. These indices may show differences that can be attributed to biophysical
differences in vegetation (Figure 6).
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Figure 6. Distribution of spectral indices (SI) values in the salt marsh of Cadiz Bay. The results display
only a detail of the study area, and the corresponding SI is indicated in the legend. Wavelengths used
for creating SI are suitable to show the variations in canopy cover. Thresholds are adjusted for each
index to better enhance differences in canopy cover.
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3.3. Validation

According to the scores obtained, vegetation 1 and 2 classes may represent Sarcocornia
spp., while vegetation 4 class may correspond to Sporobolus maritimus. Vegetation 3 class
has been attributed to areas of overlap of different proportions of these species (i.e., the
transition zone).

The categories identified at the field reference points were Sarcocornia, Salicornia, and
transition zones only. However, distinguishing between Sarcocornia and Salicornia species
in the field is very challenging and misidentifications can be expected [76]. The accuracy
of the classification was estimated to be 46% but increased to 73% when considering that
Sarcocornia and Salicornia could be mistaken for each other in the field. When comparing
the classification to the sets of random pixels, the accuracy ranges from 92 to 96% (Table 2).

Table 2. Overall accuracy of the HS image classification. The accuracy is estimated by comparison
with field measurements, random samples generated from ROIs, and other groups of random samples
(Eq250, Eq500, R10, R20, Sp10, Sp20). Eq250 and Eq500 are the equalized samples groups using
250 and 500 pixels respectively for each class as reference; R10 and R20 are the random samples
groups using 10% and 20 % of total pixels as reference respectively; Sp10 and Sp20 are the stratified-
proportionate samples groups using 10% and 20 % of total pixels as reference, respectively.

Estimation Method Accuracy
Eq250 92.5%
Eq500 92.4%
Field measurement 46-73%
ROIs 95.9%
R10 95.6%
R20 95.7%
Sp10 95.9%
Sp20 95.8%

3.4. Elevation Range of Identified Species

Vegetation 1 class (identified as a short Sarcocornia spp. or a Salicornia spp.) is included
within the elevation range of the vegetation 2 class (identified as S. perennis) (Table 3). The
two classes spread across the same elevation range, but the mode of their elevation range
is different, with 2.67 m vs 2.79 m for vegetation 1 and 2, respectively. The transitional
class (vegetation 3) extended from 1.91 m to 2.78 m, narrowing to 2.26-2.58 m for Q1-Q3.
The S. maritimus (vegetation 4) covers a range between 1.22 m and 2.35 m (1.76-2.10 m for
Q1-Q3). Macroalgae have a bimodal distribution, with two accumulation zones located at
2.49-2.86 m and 3.35-3.84 m (Figure A5).

Table 3. Estimated elevation range for each salt marsh vegetation class identified in Cadiz Bay.
S. perennis: Sarcocornia perennis; S. maritimus: Sporobolus maritimus. Figure A5 shows the frequency
distribution of the extracted values for each class; Q: quantile.

Class Specie 0.05Q 0.25Q 0.5Q 0.75Q 0.95Q Mode
Macroalgae Macroalgae 113 2.54 2.75 3.43 3.77 2.81
Vegetation 1 Salicornia spp. o Sarcocornia spp. 2.34 2.53 2.62 2.69 2.75 2.67
Vegetation 2 S. perennis 2.30 2.56 2.67 2.74 2.80 2.79
Vegetation 3 Transitional 191 2.26 2.42 2.58 2.78 2.00
Vegetation 4 S. maritimus 1.22 1.76 1.94 2.10 2.35 1.68

4. Discussion

The analyses of hyperspectral datasets from low and medium salt marsh areas in Cadiz
Bay are adequate to identify vegetation distribution at the species level. Four plant classes
distributed along the horizons of the salt marsh and one class of macrophyte debris were
recognised. Three of the plant classes have been associated with monospecific vegetation
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(Sarcocornia spp., S. perennis, and S. maritimus), while a fourth class represents the mix of
species typical of the convergence of distributions (i.e., transition zone). The results from
this study are expected to be extrapolated to other mid-latitude tidal marshes since the low
and medium tidal marshes of these latitudes usually present similar structural traits [75].

The performance of the SAM classification method is limited in areas with several
species due to the mix of spectra [77]. However, this problem can be minimised by using
the two supervised classification methods (SAM and SVM) in succession after performing
hyperspectral processing procedures. The SVM supervised classification reached up to
98% accuracy, demonstrating its effectiveness in mapping land cover. When looking
at the accuracy of individual classes, features such as water bodies and types of soil
perfectly match the reference data. Focusing on vegetation classes, the highest accuracy is
achieved by vegetation 1, vegetation 4 and macroalgae. The accuracy is lower, although still
significant for the remaining classes (Tables A1-A7). The spectral signature of the transition
zone (vegetation 3 class), which is a variable mixture of plant species and, therefore, a
variable mix of spectra, makes this class the lowest in accuracy (63.16%). Since the training
dataset used to produce the map (i.e., ROIs) determines the quality of the algorithm
classification, a single ROI for transition zones is considered insufficient to accurately
represent the variability associated with different levels of species mix. Still, the overall
accuracy provided by our UAV-HS approach is higher than previous classification attempts.
Rasel et al. [31] obtained a 43% overall accuracy from space-borne hyperspectral data with
30 m spatial resolution. Rajakumari et al. [28] combined satellite multispectral data and
ground spectrometric measurements, achieving 65.8% to 73.55% accuracy for the vegetation
and land cover spectral signatures, respectively.

Among the endmembers extracted from Cadiz Bay salt marshes, four exhibit the typi-
cal plant pattern, while one shows the macroalgae response with distinct peaks and slopes
of the reflectance spectrum. Chlorophyll a (Chl-a), found in both plants and macroalga,
determines a typical absorption peak at 669 nm. However, this feature is smoothed in
the spectral signature of macroalgae (Figure 5), maybe due to its yellowish-brown colour
related to the fucoxanthin content [78]. The class of macroalgae in this study corresponds
to debris deposited by an extreme flood event at an elevated position far removed from
ordinary tidal cycles. This material dries and decomposes, resulting in high reflectance val-
ues in the NIR-SWIR, a typical region where water often attenuates spectral signatures [79].
The reflectance curves of the four remaining classes do not differ much from each other, the
only significant variations being in the peak intensity. However, the continuum removal
transformation enhances different responses in the 740-864 region, with opposite slopes
in the curve between 882 and 949 nm (Figure 7). These findings lead to the acceptance of
vegetation 1 and 2 as the spectral signatures of Sarcocornia species in the medium marsh
horizon, and vegetation 3 and 4 as the signatures of species distributed in the transition
and the low marsh, respectively.

W Vegetation 1
W Wegetation 2
e Vegetation 3
=" Vegetation 4

Continuum Removed

H I I
GO0 00 BOO 900 1000
Wavelength (nm)

Figure 7. Results of the continuum removal transformation for the discriminated vegetation classes
in the salt marsh of Cadiz Bay. Note that vegetation 1 and 2 have the opposite slope to vegetation 3
and 4 in the 882-949 nm region.
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Different species of Sarcocornia dominate the medium marsh in Cadiz Bay [55,57].
However, because they are morphologically similar to Salicornia species, it is very challeng-
ing to distinguish them in the field when they coexist, and misidentification can occur [76].
As revealed by the CR spectra, vegetation 1 and 2 differ almost only in the intensity of the
peaks, demonstrating optical similarities. However, the 2nd derivative analysis reveals
that two groups of halophytes are spectrally distinct (Figures A1-A4), with these spectral
differences resulting from biochemical variations between salt marsh species [28]. The
pigment content, canopy structure, leaf area and leaf structure all have an impact on the
visible region of the reflectance spectrum of plant canopies [42]. The 2nd derivative of our
reflectance curves shows differences in the blue and red regions at wavelengths associated
with the chlorophyll and xanthophyll peaks [74]. However, our work shows that the largest
2nd derivative peaks are in the SWIR region, and many of them coincide with water absorp-
tion wavelengths. Water absorption bands are present at 900 and 967 nm (the water band
index [80]), in the 1150-1260 nm region [81] and in the 1450-1940 nm region [82]. Salinity
in soils and vegetation is also detectable in the SWIR region [83,84], and Kumar et al. [85]
proposed a SWIR-based vegetation index to detect changes in vegetation cover from satel-
lites. All these previous works support our conclusion that SWIR, with its highest spectral
variability, is a suitable region to discriminate plant species from salt marshes. The SI
established here can reveal differences in the canopy cover (Figure 6), proving that UAV-HS
is able to detect variations in canopy cover at the species level. The great advantages of
UAVs are the high spatial and temporal resolutions of their products, as well as greater
flexibility and lower cost when compared to satellite products. This allows, for example,
data collection immediately after an extreme event and then periodically afterwards, pro-
viding key data to assess the ability of dynamic systems, such as salt marshes, to return to
previous states (or resilience).

The horizon of the low salt marsh in Cadiz Bay is dominated by S. maritimus [55]. Its
shoot structure and density allow the soil to be exposed, resulting in a mixed spectrum
of soil and plant responses that is very similar to the spectral signature of soil with mi-
crophytobenthos. This problem may result in misinterpretations when using low spatial
resolution sensors [1]. The higher spatial resolution (5 cm/pixel) offered by UAVs not only
prevents this issue, but also reduces the occurrence of mixed spectral signatures due to
the reduced pixel size. The comparison of the spectral responses of the S. maritimus class
(vegetation 4) with the soil classes (Figure 8) shows that the influence of the soil is inevitable.
However, S. maritimus habitats and soil with microphytobenthos can be distinguished by
CR and 2nd derivative transformations in the red-edge and SWIR2 regions (Figure 9). This
demonstrates that these two habitats can be distinguished in UAV-HS datasets, allowing
for more precise mapping of S. maritimus and microphytobenthos soil and minimizing
overestimation/underestimation issues for these categories.

The zonation of salt marsh plant species depends on elevation, tidal regime, and
the gradient of environmental variables, such as salinity, redox potential, soil N, clay,
and organic matter content, as well as interspecific relationships [2,86-88]. According to
Redondo-Gomez et al. [89], in SW Spain, S. perennis subsp. perennis occupies from 2.26 to
2.84 m LAT, and S. perennis subsp. alpini from 2.84 to 3.65 m LAT. Our results agree with
these findings, showing that Sarcocornia spp. inhabit the salt marsh horizon between 2.30 m
and 2.80 m LAT. Previous studies have described S. fruticose and S. perennis as dominant
species in the salt marshes of Cadiz Bay [55]. Unfortunately, the spectral library available in
our study area (FAST project, [75]) does not specify which Sarcocornia taxa were measured.
However, due to differences in the SWIR region, our results suggest that two Sarcocornia
taxa coexist in the medium salt marsh horizon. Differences in this part of the spectrum have
previously been related to differences in the salinity [84], suggesting that soil salinity may
be playing a role in the zonation of Cadiz Bay tidal marshes. Although the elevation ranges
for vegetation 1 and 2 overlap, suggesting a similar ecological niche, their different mode
(2.67 m for vegetation 1 vs 2.79 m for vegetation 2, Table 3) indicate a shift in the optimum
range of environmental conditions between the two groups, supporting the existence of
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two species. Both histograms are left skewed, indicating that these species can populate
lower elevations despite performing better at higher positions. As a result of our findings,
some resilience is expected in these habitats under sea level rise scenarios.
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Figure 8. Comparison of the spectral responses of the S. maritimus class (vegetation 4) and soil classes:

reflectance curve (a) and continuum removed spectra (b). The water vapour absorbance regions
(1350-1460 nm and 1790-1960 nm) excluded from the hyperspectral processing are shown in grey.
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Figure 9. Comparisons of 2nd derivative transformation for the S. maritimus (vegetation 4) and soil
classes in the red-edge region (a) and SWIR2 (b).

Regarding the accumulations of macroalgae, the decomposition of these accumulations
of organic matter alters the availability of oxygen and the redox potential in the sediments,
which could have negative consequences for multiple trophic levels if their incidence
increases significantly [90,91]. Understanding the local carbon cycle and the dynamic of
the system also requires mapping where macroalgae are deposited [78,91]. In Cadiz Bay,
Sarcocornia spp. and S. maritimus overlap in a narrow area here called the transition zone
(vegetation 3). This class has problems with accuracy mainly because of the wide variety
of spectral responses due to the different proportions of Sarcocornia spp. and S. maritimus.
Future studies may include more classes for the transition zone, but they will need careful
spectral analysis to investigate the spectral response associated with specific proportions of
the dominant species.
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5. Conclusions

This study demonstrates the potential of UAV-HS technology to identify and map
the distribution of plant species in salt marshes, using canopy reflectance information.
Salt marsh plant species have very similar spectral shapes. However, hyperspectral
technology is capable of detecting spectral differences associated with the water content
and salinity of salt marsh plant tissues. The continuum removal and 2nd derivative
transformations can detect hidden spectral features in reflectance curves, which can sep-
arate plant species with satisfactory accuracy. The classification map obtained through
a supervised process reached up to 98% accuracy. The availability of an accurate DEM
allows for the estimation of the preferred elevation range for each specie from the distri-
bution of the corresponding classes. The overlap of species distribution generates mixes
of spectra with a large variability associated with different species proportions. Future
research may reduce these uncertainties but will require an increase in the number of
associated classes.

Vegetation distribution is a key indicator in determining the health of salt marshes.
The ability to monitor changes in these distributions will improve our understanding of
salt marsh dynamics, our modelling capacity to assess responses to sea level rise, and help
stakeholders manage these complicated, vulnerable, and valuable ecosystems. UAV-HS
data can be used to evaluate salt marsh vulnerability and strengthen conservation efforts
by defining critical areas for conservation and examining pressures on crucial ecosystem
services, such as blue carbon.
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Appendix A
Appendix A.1. 2nd Derivative Analysis
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Figure A1l. The focus is on the VIS region of the electromagnetic spectrum. The main peaks can
be identified in the 2nd derivative spectrum of the five studied spectral signatures (a). The boxcar
average smoothing filter applied on the 2nd derivative spectrum highlights other important peaks
for the studied signatures (b). Significant peaks are present at wavelengths where pigments influence
the spectral response of vegetation: 427,472, 487, 512, 547, 576, 638, 676, 689, and 698 nm.
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Figure A2. The focus is on the NIR region of the electromagnetic spectrum. The main peaks can
be identified in the 2nd derivative spectrum of the five studied spectral signatures (a). The boxcar
average smoothing filter applied on the 2nd derivative spectrum highlights other important peaks
for the studied signatures (b). In the NIR region, other important absorbance peaks can be identified

at 725,749, 771,798, 822, 867, 880, 913, 937, 949, 961, and 997 nm.
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Figure A3. The focus is on the SWIR1 region of the electromagnetic spectrum. The main peaks can
be identified in the 2nd derivative spectrum of the five studied spectral signatures (a). The boxcar
average smoothing filter applied on the 2nd derivative spectrum highlights other important peaks
for the studied signatures (b). Significant absorption peaks are present at 1039, 1098, 1128, 1152, 1188,
1206, 1331, 1499, 1523, 1594, 1636, 1672, 1690, and 1774 nm. In grey are the water vapour absorbance
regions (13501460 nm and 1790-1960 nm) excluded from the hyperspectral processing.
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Figure A4. The focus is on the SWIR?2 region of the electromagnetic spectrum. The main peaks can

be identified in the 2nd derivative spectrum of the five studied spectral signatures (a). The boxcar

average smoothing filter applied on the 2nd derivative spectrum highlights other important peaks
for the studied signatures (b). The SWIR2 region presents absorbance peaks at 1971, 2007, 2025, 2054,
2114, 2192, 2228, 2264, 2293, and 2335 nm. In grey is one of the water vapour absorbance regions

(1790-1960 nm) excluded from the hyperspectral processing.

Appendix A.2. Accuracy

Table Al. Report for the accuracy of the comparison of classification results to Eq250, the equalized

samples groups using 250 pixels for each class as reference. The table summarizes the producer

accuracy and user accuracy in percentage and pixels for each class.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 98.00 98.00 245 /250 245/250
ROI #2 Vegetation 2 74.80 87.38 187/250 187/214
ROI #3 Vegetation 3 66.80 81.07 167/250 167/206
ROI #4 Ponds with mpb 100.00 99.60 250/250 250/251
ROI #5 Vegetation 5 85.20 78.89 213/250 213/270
ROI #6 Vegetation 6 88.00 81.48 220/250 220/270
ROI #7 Soil 99.60 89.89 249 /250 249 /277
ROI #8 Soil with mph 98.40 94.62 246/250 246/260
ROI #9 Tidal channel 100.00 100.00 250/250 250/250
ROI #10 Saline 100.00 100.00 250/250 250/250
ROI #11 Ponds without water 90.40 97.84 226/250 226/231
ROI #12 Shallow water 99.60 100.00 249 /250 249/249
ROI #13 Dry soil 100.00 100.00 250/250 250/250
ROI #14 Macroalgae 98.40 100.00 246/250 246/246
ROI #15 Vegetation 4 88.00 79.71 220/250 220/276
Table A2. Report for the accuracy of the comparison of classification results to Eq500, the equalized
samples groups using 500 pixels for each class as reference. The table summarizes the producer
accuracy and user accuracy in percentage and pixels for each class.
Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 98.13 98.13 419/427 419/427
ROI #2 Vegetation 2 74.00 85.87 316/427 316/368
ROI #3 Vegetation 3 66.74 78.51 285/427 285/363
ROI #4 Ponds with mpb 100.00 100.00 427/427 427 /427
ROI #5 Vegetation 5 84.31 77.25 360/427 360/466
ROI #6 Vegetation 6 84.78 81.35 362/427 362/445
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Table A2. Cont.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #7 Soil 99.77 90.83 426/427 426/469
ROI #8 Soil with mph 98.83 96.57 422/427 422 /437
ROI #9 Tidal channel 100.00 100.00 427/427 427/427
ROI #10 Saline 100.00 100.00 427 /427 427 /427
ROI #11 Ponds without water 90.87 99.49 388/427 388/390
ROI #12 Shallow water 100.00 100.00 427/427 427/427
ROI #13 Dry soil 100.00 100.00 427/427 427 /427
ROI #14 Macroalgae 98.83 99.29 422/427 422/425
ROI #15 Vegetation 4 89.93 80.00 384/427 384/480

Table A3. Report for the accuracy of the comparison of classification results to random samples
generated from ROIs. The table summarizes the producer accuracy and user accuracy in percentage
and pixels for each class.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 97.88 97.13 508/519 508/523
ROI #2 Vegetation 2 73.80 80.25 386/523 386/481
ROI #3 Vegetation 3 66.61 72.40 417/626 417/576
ROI #4 Ponds with mpb 100.00 99.07 4277427 427/431
ROI #5 Vegetation 5 82.86 85.66 986/1190 986/1151
ROI #6 Vegetation 6 86.01 82.09 793/922 793/966
ROI #7 Soil 99.20 98.63 4734 /4772 4734 /4800
ROI #8 Soil with mph 98.29 97.87 1838/1870 1838/1878
ROI #9 Tidal channel 100.00 100.00 5997 /5997 5997 /5997

ROI #10 Saline 100.00 99.95 1915/1915 1915/1916
ROI #11 Ponds without water 90.67 93.71 447 /493 447 /477
ROI #12 Shallow water 99.87 100.00 767/768 767/767
ROI #13 Dry soil 100.00 100.00 508/508 508/508
ROI #14 Macroalgae 98.56 99.39 821/833 821/826
ROI #15 Vegetation 4 89.75 83.13 744/829 744/895

Table A4. Report for the accuracy of the comparison of classification results to R10, the random
samples group using 10% of total pixels as reference. The table summarizes the producer accuracy
and user accuracy in percentage and pixels for each class.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 98.39 96.83 61/62 61/63
ROI #2 Vegetation 2 67.44 78.38 29/43 29/37
ROI #3 Vegetation 3 67.92 63.16 36/53 36/57
ROI #4 Ponds with mpb 100.00 100.00 40/40 40/40
ROI #5 Vegetation 5 78.38 83.65 87/111 87/104
ROI #6 Vegetation 6 83.91 79.35 73/87 73/92
ROI #7 Soil 98.82 97.66 501/507 501/513
ROI #8 Soil with mph 100.00 98.32 176/176 176/179
ROI #9 Tidal channel 100.00 100.00 601/601 601/601

ROI #10 Saline 100.00 100.00 188/188 188/188
ROI #11 Ponds without water 79.25 93.33 42/53 42/45
ROI #12 Shallow water 98.90 100.00 90/91 90/90
ROI #13 Dry soil 100.00 100.00 47/47 47/47
ROI #14 Macroalgae 98.55 100.00 68/69 68/68

ROI #15 Vegetation 4 90.11 86.32 82/91 82/95
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Table A5. Report for the accuracy of the comparison of classification results to R20, the random
samples group using 20% of total pixels as reference. The table summarizes the producer accuracy
and user accuracy in percentage and pixels for each class.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 99.14 97.46 115/116 115/118
ROI #2 Vegetation 2 65.98 76.19 64/97 64/84
ROI #3 Vegetation 3 65.04 74.77 80/123 80/107
ROI #4 Ponds with mpb 100.00 96.43 81/81 81/84
ROI #5 Vegetation 5 83.40 84.45 201/241 201/238
ROI #6 Vegetation 6 88.18 84.04 179/203 179/213
ROI #7 Soil 99.04 98.21 933/942 933/950
ROI #8 Soil with mph 96.49 98.89 357/370 357/361
ROI #9 Tidal channel 100.00 100.00 1162/1162 1162/1162
ROI #10 Saline 100.00 99.75 398/398 398/399
ROI#11 Ponds without water 90.82 89.90 89/98 89/99
ROI #12 Shallow water 100.00 100.00 170/170 170/170
ROI #13 Dry soil 100.00 100.00 77/77 77/77
ROI #14 Macroalgae 97.31 99.45 181/186 181/182
ROI #15 Vegetation 4 91.95 82.47 160/174 160/194

Table A6. Report for the accuracy of the comparison of classification results to Sp10, the stratified-
proportionate samples group using 10% of total pixels as reference. The table summarizes the
producer accuracy and user accuracy in percentage and pixels for each class.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 92.31 97.96 48/52 48/49
ROI #2 Vegetation 2 69.23 76.60 36/52 36/47
ROI #3 Vegetation 3 71.43 66.18 45/63 45/68
ROI #4 Ponds with mpb 100.00 100.00 43/43 43/43
ROI #5 Vegetation 5 80.67 87.27 96/119 96/110
ROI #6 Vegetation 6 88.04 81.82 81/92 81/99
ROI #7 Soil 99.58 98.75 475/477 475/481
ROI #8 Soil with mph 98.40 98.40 184/187 184/187
ROI #9 Tidal channel 100.00 100.00 600/600 600/600

ROI #10 Saline 100.00 100.00 192/192 192/192

ROI #11 Ponds without water 89.80 95.65 44/49 44/46

ROI #12 Shallow water 100.00 100.00 77177 77/77

ROI #13 Dry soil 100.00 100.00 51/51 51/51

ROI #14 Macroalgae 98.80 98.80 82/83 82/83

ROI #15 Vegetation 4 90.36 86.21 75/83 75/87
Table A7. Report for the accuracy of the comparison of classification results to Sp20, the stratified-
proportionate samples group using 20% of total pixels as reference. The table summarizes the
producer accuracy and user accuracy in percentage and pixels for each class.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #1 Vegetation 1 98.08 97.14 102/104 102/105
ROI #2 Vegetation 2 77.14 80.20 81/105 81/101
ROI #3 Vegetation 3 65.60 70.09 82/125 82/117
ROI #4 Ponds with mpb 100.00 97.70 85/85 85/87
ROI #5 Vegetation 5 81.93 86.67 195/238 195/225
ROI #6 Vegetation 6 87.50 82.14 161/184 161/196
ROI #7 Soil 99.06 98.23 945/954 945/962
ROI #8 Soil with mph 97.59 97.86 365/374 365/373
ROI #9 Tidal channel 100.00 100.00 1199/1199 1199/1199

ROI #10 Saline 100.00 100.00 383/383 383/383
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Table A7. Cont.

Class Class Name Prod. Acc. (Percent) User Acc. (Percent) Prod. Acc. (Pixels)  User Acc. (Pixels)
ROI #11 Ponds without water 85.86 90.43 85/99 85/94
ROI #12 Shallow water 100.00 100.00 154/154 154/154
ROI #13 Dry soil 100.00 100.00 102/102 102/102
ROI #14 Macroalgae 98.80 100.00 165/167 165/165
ROI #15 Vegetation 4 89.76 84.66 149/166 149/176

Appendix A.3. Histograms
10000~
7500~
class
= Macroalgae
§ — 5. maritimus
o 5000- S. perennis
e — Sarcocornia spp.
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2500-
0- PRI
i 2 3 4
Elevation m LAT
Figure A5. Distribution of the plant species present in the Cadiz Bay with elevation. The elevation
refers to LAT.
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