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Highlights

What are the main findings?

• Spectral unmixing with random forest regressor showed good skill in terms of de-
tecting the fractional cover of major dune plant species but performed poorly for
small-stemmed or less abundant species.

• Model accuracy was enhanced when including the distance to the shoreline in
the predictor dataset, with a significantly lower influence when including surface
elevation data.

What are the implications of the main findings?

• Class abundance and plant characteristics (spectral signature and fractional cover
within the pixel) are significant limiting factors for the detectability of a class.

• Enhancing broadness and resolution of spectral data used with unmixing algorithms
may be the key to improving the segregation of plants or plant groups in highly mixed
coastal dunes.

Abstract

While improvements in the spectral and spatial resolution of satellite imagery have opened
up new prospects for large-scale environmental monitoring, this potential has remained
largely unrealised in dune ecogeomorphology. This is especially true for Mediterranean
coastal dunes, where the highly mixed and sparse vegetation requires high resolution
satellites and spectral unmixing techniques. To achieve this aim, we employed random
forest regressors to predict the fractional cover of dune plant species in two of the sandy
barriers of Ria Formosa (S. Portugal) from WorldView-2 imagery (June 2024). The algorithm,
tested with spatially upscaled multispectral drone data and satellite imagery, detected the
fractional cover of major species (most abundant classes and bushy vegetation) with
reasonable to very good accuracy (coefficient of determination, CoD: 0.4 to 0.8) for the
former and reasonable to good accuracy (CoD: 0.4 to 0.6) for the latter. Additional tests
showed that (a) including the distance to the shoreline can increase model accuracy (CoD
by ~0.1); (b) the grouping of species resulted in an insignificant increase in model skill;
and (c) testing over independent dune plots showed generalisation beyond the training set
and low risk of overfitting or noise. Overall, the approach showed promising results for
large-scale observations in highly mixed coastal dunes.
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1. Introduction
Identifying changes in plant communities is a conservation priority, especially for

Mediterranean coastal dunes that harbour some of the most threatened habitats in Eu-
rope [1]. Ecogeomorphic links, fundamental to the self-organisation capacity of coastal
dunes [2], suggest that a shift in plant community structure and composition (i.e., expan-
sion of invasive species) can produce an important change in the structure and function
of coastal dune ecosystems [3], which, in turn, can induce changes to the topography
itself [4,5]. Such changes and domino effects can potentially cripple previously established
adaptation mechanisms and lead to a (permanent or temporary) system tipping point [6].
These considerations advocate for systematic, large-scale, monitoring of coastal dune vege-
tation, especially in protected areas and in fragmented and stressed dune environments
(e.g., due to nutrient fluxes and/or precipitation rates, human impacts, squeezed condi-
tions, etc.) [7]. Such efforts should focus not only on habitat conservation status, but on
potential implications for the contemporary and near-future resilience of these sensitive
sentinels of climate change [8]. While traditional field surveying is the most widely used
method of vegetation mapping, it is time-consuming, expensive, and limited in spatial
coverage [9]. Remote sensing, on the other hand, provides alternative means to obtain
large-scale and standardised vegetation identification data [10].

Remote sensing applications typically use hyper- or multi-spectral data obtained
by Unmanned Aerial Vehicles (UAVs) and employ vegetation indices (e.g., [11]), super-
vised (e.g., Maximum Likelihood, support vector machine (SVM), random forest (RF),
and Artificial Neural Network (NN)) and unsupervised (e.g., K-means) classification tech-
niques to map dune vegetation cover [11], habitats [12], plant taxa [13], or individual plant
species [14]. Overall, pixel-based classification is more common in highly mixed coastal
dunes; however, depending on the required resolution of the analysis, object-based classifi-
cations may perform better, reducing ‘salt and pepper’ effects [15]. Belcore et al. applied
an object-based image analysis algorithm on multispectral UAV data from coastal dunes
in Tuscany (Italy), detecting and classifying 12 different plant species, as well as sand and
debris, with an average accuracy of 75% for training and 62% for unseen data [16,17]. Aside
from classification, machine learning techniques like RFs and SVMs can be employed in
regression tasks to estimate continuous vegetation parameters. RF regression, for example,
achieved the highest overall accuracy (0.89) among five supervised classification algorithms
for the detection of the fractional cover and aboveground biomass of Caprobrotus edulis
from UAV multispectral images from the sand dunes of the Cávado River spit (north of
Portugal) [18]. Deep learning techniques have also been employed in large-scale moni-
toring approaches, like the Convolutional NN trained to map coastal dune habitats (four
vegetated classes: shrubs, grasses, broadleaf, and needleleaf trees) throughout the Dutch
coast with high accuracies (an overall accuracy of 0.92) even using only RGB UAV data at a
25 cm resolution [19].

Even though improvements in spatial, spectral, and temporal resolution in satellite
imagery and advances in remote sensing techniques have increased capabilities for regular
and large-scale coastal monitoring and observation [20], this potential has not been fully
capitalised for coastal dune habitats. This is mainly due to the small size and density of
plants and the complexity and heterogeneity of the existing species that inhibit coastal
dune vegetation species identification [7]. Indeed, vegetation characterisation can be
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challenging in the presence of short and sparse canopies or of highly mixed populations, as
is usually the case in Mediterranean coastal dune systems [21]. Similarly to works using
UAV data, satellite remote sensing applications either focus on mapping the boundaries
of the dune environment using vegetation indices (e.g., [22]) or on classifying individual
species (e.g., [7]). Kozhoridze et al., for example, used coarse Landsat time series data to
reconstruct the past dynamics of plant expansion of two focal invasive species (Heterotheca
subaxillaris and Acacia saligna) in the Mediterranean coastal plain of Israel [23]. Marzialetti
et al. identified and mapped five vegetation classes organised into three hierarchical levels,
applying a phenology-based RF classification on Sentinel-2 (S2) images on a Mediterranean
coastal dune [24]. A later work [25] used similar approaches (hierarchical clustering and a
RF model) and S2 imagery to produce an unsupervised land cover map, distinguishing
four dune types in a representative site of the Adriatic coast. Limited in their analysis
by the pixel size of the S2 product, the same authors advocated for using higher spatial
resolutions and/or subpixel classification methodologies to improve results [24,25]. Gupta
et al. tested varying resolutions of multispectral imagery from UAVs and satellites (Vision-1,
PlanetScope (PS), and S2) and RF classification to map the expansion of an invasive species
(Heterotheca subaxillaris) in the coastal dunes of the eastern Mediterranean, with results
supporting the critical role of spatial resolution for plant identification in highly mixed
coastal dune environments [26]. Similarly, RF models calibrated to identify the expansion of
Acacia saligna in the Adriatic coast of central Italy, were able to delineate invaded area edges
and small patches more effectively in PS than in S2 [27]. Medina Machín et al. applied an
SVM classifier to discriminate between six coastal dune species (Gran Canaria, Spain) at
the pixel level using WV2 imagery, with the approach showing acceptable capability for
dune shrubs [7]. The results of these works indicate that hard classification approaches (i.e.,
assigning one ‘dominant’ class to each individual pixel) are very limiting in highly mixed
environments (i.e., those containing many plants with small plant parts and low fractional
cover), even considering very high resolution satellite products [24,28]. Such environments
require unmixing approaches that capture the fine-scale spatial distribution of vegetation
species within each pixel [29].

Spectral unmixing, a group of techniques that attempt to decompose the spectral
signal of mixed pixels into contributions of individual endmembers and associate them
to endmember fractional abundance within the pixel [30], has been used for mapping a
wide range of landcover types over a wide range of spatial and spectral resolutions (UAV
to satellite and multi- to hyper-spectral data). Especially regarding highly mixed coastal
habitats, unmixing RF models, like soft classification [28] and rescaled regression [29], have
shown promising results in predicting the fractional cover of the main plant species in
salt marshes from satellite imagery at a subpixel level. To date and to our knowledge,
only the works of Ettritch et al. [31], Medina Machín et al. [7], and Pafumi et al. [32]
have employed spectral unmixing techniques for coastal dune observation from satellite
imagery. Ettritch et al. applied a linear unmixing model to Landsat 8, WV2, and UAV
imagery from Kenfig Burrows (UK) to estimate bare sand (or total vegetation) cover, as
a proxy for ecological dune stabilisation [31]. Pafumi et al. tested hard and soft RF
classification approaches to map coastal dune habitats (Tuscany, Italy) on WV3 imagery,
observing that while soft approaches captured a more realistic representation of vegetation
patterns, hard RF classification produced more accurate results for coastal dune scrubs
and white dunes [32]. Medina Machín et al. tested linear unmixing techniques using
spectral signatures from field radiometric measurements on WV2 imagery; however the
approach performed worse than the application of a hard SVM classifier, trained with
corrected WV2 multispectral bands plus a vegetation index (MSAVI2) and a band of
contextual information (variance of the first principal component) [7]. In these works,
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spectral unmixing was employed to discriminate classes with cover that typically exceeded
the size of the WV2 pixel (e.g., shrubs). The applicability of such methods in more highly
mixed coastal dunes remains unexplored.

The present work aims to assess the potential of spectral unmixing techniques (namely
RF regressors) to discriminate plant species and predict their fractional cover in the sparsely
vegetated coastal dunes of south Portugal. To do so, we employ RF regressors and very high
resolution satellite imagery from WV2, combined with multispectral UAV data, used both
as ground truth and as training and testing data. The analysis focuses on analysing the ap-
proach, identifying strengths and limitations, and proposing directions for further research.

2. Materials and Methods
The main objective of the analysis is to assess the usability of machine learning

algorithms, like RF, and imagery from very high resolution satellite sensors, like WV, to
identify dune plants in Mediterranean coastal dunes, like the Ria Formosa barrier system.
To do so, we used the following:

• Ground truth data for dune plant distribution and cover, obtained from UAVs,
as targets.

• Multispectral data from three remote sensing platforms (in order of decreasing spatial
resolution: UAV, WV2, and PS), as predictors.

• Regression models (RF, SVM, and histogram gradient boosting; HGB), as estimators.

The main UAV and WV2 regression tests were performed over the same spatial grid
(i.e., WV2 pixels), to allow for comparability of model skill. Complementary analyses
(spectral signatures and hard RF classification) were also performed to assess the spectral
similarities between plant species, using high-resolution UAV multispectral data. Details
on the study site, the spectral and ground truth data collected, and the approach and data
processing steps are given in the following subsections.

2.1. Study Site

The work focuses on the dunes along the barrier island chain of Ria Formosa in South
Portugal (Figure 1). Ria Formosa is a natural park (since 1987), it is protected under the
Ramsar convention, and is part of the EU Natura 2000 network. The sandy barriers of
the system host three dune habitat types included in the Annex I of the European Habitat
Directive 92/43/EEC: 2110 ‘Embryonic shifting dunes’, 2120 ‘Shifting dunes along the
shoreline with Ammophila arenaria’ (white dunes), and 2130 ‘Fixed coastal dunes with herba-
ceous vegetation’ (grey dunes) [33], among which types 2110 and 2130 are characterised as
priority habitats.

The climate in the region is classified as Csa following the Köppen–Geiger classi-
fication system [34], characterised as temperate with dry or hot summer. The monthly
average temperature ranges between 12.3 and 24.6 ◦C and the total annual rainfall is about
450 mm/y (1991–2020 climatic mean data from [35]). These conditions are linked to rel-
atively low dune vegetation cover over, ranging from 10 to 50% over the stoss slope and
from 50 to 90% over the dune crest [33].



Remote Sens. 2025, 17, 3991 5 of 36

 

Figure 1. WV2 imagery obtained in June 2024 over the AOI of Ria Formosa (S. Portugal; location
in inset map). The location of plots where ground truth data (UAV flights and plant identification)
were collected at the barriers of Ancão and Tavira are shown as stars, along with the orthomosaics
obtained in the 4 plots (AncW, AncE, TavW, and TavE).

2.2. Datasets
2.2.1. WV2 Imagery

The WV2 imagery (Ortho-Ready Standard 2A radiometrically balanced surface re-
flectance values over 8 multispectral bands at 2 m and 1 panchromatic band at 0.5 m; cloud
cover of 0% and off-nadir angles below 12◦ at image capture) was obtained over the barrier
island chain of Ria Formosa (Figure 1) on 21 June 2024. Image acquisition was over an Area
of Interest (AOI) of around 250 km2 and barrier length of around 54 km. The 8 multispectral
bands were pansharpened using the panchromatic band and the Gram–Schmidt method
with nearest neighbour resampling [36] through the ENVI (v5.6) software [37].

2.2.2. UAV Data

Ground truth data were collected in the barriers of Ancão and Tavira (Figure 1) using
two UAVs, the Phantom 4 Multispectral (DJI, Shenzhen, China; hereafter P4M), collecting
images with a camera array of 5 sensors (blue (B; 450 nm), green (G; 560 nm), red (R;
650 nm), red edge (RE; 730 nm), and near-infrared (NIR; 840 nm)); and the Mavic 2 Pro (DJI;
hereafter M2P) capturing high-resolution RGB imagery. Two dune plots were surveyed
at each barrier (Figure 1; Table 1), covering the dune habitats from the embryonic dune
to the back dune. The flights adhered to the recommendations of Bon de Sousa et al.
for minimising associated errors by employing low-flying and intermediate (30–40◦) sun
altitudes and overlapping perpendicular flights with a minimum of 6 ground control
points (GCPs) per plot hectare, regularly dispersed in a diamond grid [38]. All flights
were performed within 2 weeks of WV2 acquisition (8 to 12 of July), meaning that dune
vegetation did not change between satellite and UAV captures. The position of GCPs and
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independent check points was recorded using an RTK-DGPS and the Agisoft Metashape
(v1.7.2) software was used to georeference images and obtain orthophoto mosaics and a
digital surface model (DSM) of the plots using structure from motion. Information on the
UAV flights and the accuracy metrics of the products are given in Table 1.

Table 1. Information on processed data collected with Phantom 4 Multispectral (P4M) and Mavic
2 Pro (M2P) over the 4 dune plots (RMSE: root mean square error; GCP: ground control points; DSM:
digital surface model).

Parameter UAV
Dune Plot

AncE AncW TavE TavW

Flight date (2024) both 8 July 9 July 11 July 12 July
Plot area (cross-shore ×

alongshore dimension, in m) both 100 × 140 140 × 120 75 × 180 85 × 135

Flying altitude (m) P4M 35.6 32.7 28.6 29.7
M2P 31.5 31.5 32.1 29.8

Number of GCPs both 13 15 13 16

Ground resolution (cm/pixel) P4M 1.63 1.57 1.4 1.46
M2P 0.68 0.68 0.68 0.65

RMS reprojection error (pixel) P4M 0.425 0.366 1.12 0.373
M2P 0.647 0.475 0.71 0.65

GCP RMSE (mm) P4M 13.61 21.73 6.05 7.57
M2P 30.11 21.07 14.35 19.35

DSM RMSE (mm) M2P 7.12 11.31 6.84 8.45

Plots AncE and TavW were used to train and test the algorithm, while plots AncW
and TavE were used to test the trained model against unseen data. P4M imagery was used
to (a) sample the spectral signatures of dune plant species and analyse spectral similarity
between them to assess the need for grouping species during regression, (b) obtain ground
truth data for the fractional cover (FC) of plant species, and (c) to train the algorithm
using upscaled raster datasets of the 5 bands at the WV2 grid (obtained using the Zonal
Statistic Mean from ArcGIS). Aside from DSMs, M2P orthophotos were used for visual
identification and mapping of plants in each plot, due to their higher spatial resolution
than P4M (Table 1).

2.3. Remote Sensing Approach

As the variability of species and plant morphometric characteristics in the domain is
very high, the application of hard classification (i.e., assigning a class to each individual
pixel) approaches is (a) not meaningful at the WV2 pixel scale (i.e., sensing one ‘dominant’
class over 0.5 m × 0.5 m) and (b) not feasible at the P4M pixel scale. To capture the presence
of fine-stemmed or small-leafed plants, the spatial resolution would need to be maintained
at a very high level. For example, an average leaf of Calystegia soldanella covers an area
around 35–40 cm2, while the width of Otanthus maritimus stems is around 2–4 cm and
Ammophila arenaria stems measure below 1 cm, corresponding to 13–16, 1–2, and less than
1 pixels of the P4M imagery in AncE. It follows that individual pixels may still be mixed,
even at the original P4M resolution (1.4–1.6 cm; Table 1), while pixel-by-pixel classification
would be extremely resource intensive. We, therefore, mainly focus on the applicability
and accuracy of subpixel (i.e., spectral unmixing) algorithms for the identification of dune
plants, only employing hard classifiers to identify spectral separability of plants.

The RF regressor (hereafter RFR) is an ensemble-based learning algorithm that im-
proves predictive accuracy, stability, and generalisation through the aggregation of multiple
regression trees to obtain predictions [39]. Each tree is trained on a bootstrap sample of
the original dataset, introducing randomness in both sample selection and feature choice
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during node splitting [39]. By reducing correlation among individual trees, the randomness
significantly lowers model variance, without notably increasing bias [40]. We applied the
RFR using the SciKit [41] and trained separate forests to predict the FC of each class (target;
dependent variable) with spectral data (features; independent variables) from P4M and
WV2. The predicted FC values from the individual RFRs were proportionally readjusted so
that the sum of all classes equals 1, following the approach of Yang et al. [28,29].

To obtain the features and target datasets necessary to train and test the algorithm at
the resolution of the WV pixel grid, ground truth data were processed through a series
of steps (see Figure 2). The first step was to obtain ground truth values of the vegetation
distribution in the field, which was expressed by the Fractional Vegetation Cover (i.e., the
FC of total vegetation in the field; hereafter referred to as FCveg), which is an essential
phenotypic factor that makes it possible to characterise the spatial pattern of vegetation
types [42]. FCveg is defined as the vertical projection areal proportion of the landscape
occupied by green vegetation and has been found to vary linearly with NDVI in coastal
dune environments [43,44], semi-arid landscapes [45], and desert environments [46]. Based
on this, FCveg was calculated through the linear model [47]

FCveg =
NDVI − NDVIS

NDVIV − NDVIS
(1)

where NDVI is the Normalised Difference Vegetation Index of the pixel and NDVIS and
NDVIV are the values of fully bare (FCveg = 0) and fully vegetated (FCveg = 1) pixels,
respectively. These threshold values were determined from the distribution of NDVI in the
plots of AncE and TavW at the original P4M pixel size. For NDVIS, tests were performed in
both plots to find a cutoff value that adequately separating sand from vegetation, finding
the most accurate separation for NDVIS = 0.05. NDVIV was set to 0.75, value determined by
the topmost cluster of NDVI, obtained by applying the natural breaks (Jenks) method [48]
with 20 classes.

As imagery resolution has a significant impact on remote sensing of vegetation cover
in dunes, the highest resolution imagery available should be employed for its determina-
tion [49]. Therefore, Equation (1) was applied at the original resolution of the P4M flight,
to obtain a raster with the values of FCveg over the dune plots. The FCveg raster was then
separated into individual dune plant species using plant boundary polygons, mapped
on the high-resolution M2P orthophotos to allow for more accurate visual identification
of plant species. Considering the characteristics of the vegetation (the high mixing of
species and the small size of plants and plant parts), manual separation of plant species was
deemed as the most viable and dependable option to minimise any error and uncertainties
introduced to the reference dataset. These plant boundaries were drawn so that non-green
areas that may reflect high in the NIR range and thus show high NDVI values, such as
dead vegetation (dried branches and plant parts) and shadows, were excluded from the FC
of the dune plant species (FCveg(i)). The excluded zones were assigned to class ‘DeadV’,
while the areas with NDVI ≤ NDVIS were assigned to class ‘SandB’ as follows:

FCDeadV = FCveg −

ns

∑
i=1

FCveg(i)

FCSandB = 1 − FCveg

⇒

ns

∑
i=1

FCveg(i) + FCSandB + FCDeadV = 1 ⇒

im

∑
i=1

FCi = 1

(2)
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where ns is the total number of species present in each plot. Of course, the sum of the FC of
all classes (im = ns + 2) equals 1.

 

Figure 2. Data preprocessing steps to obtain the observation dataset (features: spectral data from
WV or P4M and target FC values for each class from P4M), used to train and test the random
forest regressor (RFR) spectral unmixing algorithm. RFR is trained separately for each class and the
predicted FC values are then rescaled so that the total for each pixel equals 1.

After obtaining raster datasets of the FC of each class (FCi) at the resolution of P4M,
these were upscaled to the WV2 resolution (Figure 2), using the mean function of the
zonal statistics tool in ArcGIS. This method was preferred to other upscaling tools (e.g., the
resample tool), as it makes it possible to specify the desired pixel grid. The same tool
was used to upscale the 5 multispectral P4M bands to the resolution of the WV2 image.
An example of the process, from the segregation of individual FCveg(i) to upscaling, is
given in Figure A1 (for the Artemisia crithmifolia species in TavW). Data (upscaled class FCs,
P4M bands, and WV2 surface reflectance values) were extracted and used for training and
testing the algorithm.

After the application of the model, each of the individually trained (one for each class)
RFR forests produces the predicted FC values of each class (FCi). As mentioned, predicted
FC values were rescaled to sum to 1, readjusting the excess (or missing) total FC in each
pixel proportionally between the classes (Figure 2). After rescaling, the predictive skill of
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the model was assessed using the coefficient of determination (CoD) and the root mean
square error (RMSE) as goodness-of-fit indicators. The CoD ranges between −∞ and +1
and expresses the ratio of the variability of observations (Oi) effectively captured by the
predictions (Pi), while RMSE gives a measure of the average error in the predicted FC for
each class as follows:

CoD = 1 −
m

∑
i=1

(Oi − Pi)
2

/ m

∑
i=1

(Oi − O)
2 (3)

RMSE =

√√√√√ m

∑
i=1

(Oi − Pi)
2/m (4)

where O is the average observation of the class.
The main RFR model hyperparameters were tuned through sensitivity tests (see

Appendix A.1), aimed at optimising model skill, while taking care to avoid overfitting.
Based on the sensitivity results, the main tuning parameters [50] were set at NTree = 500 and
max_depth = 15, while min_samples_split was maintained at the default value of 1/4.

The spectral similarity of classes in each plot was assessed through the high-resolution
P4M multispectral data. Pixel values were extracted for the main plant species in the field,
for non-vegetated areas (class SandB) and for areas of shadows and dead plant parts (class
DeadV). A minimum of around 100 pixels per class per dune plot was maintained, whereas
points were spatially distributed as much as possible, to capture the spectral variability of
the classes within the domains and the high-resolution multispectral dataset. These values
were analysed calculating percentiles of the distribution of spectral data in each class and
the Spectral Angle (SA), which was used as an indicator of spectral similarity between
classes [51] as follows:

SA = cos−1


bm

∑
b=1

xb·yb

/√√√√√ bm

∑
b=1

x2
b·

bm

∑
b=1

y2
b

 (5)

where xb and yb are the two spectra to compare and bm is the total number of available
bands. The SA ranges between 0 and pi/2 radians for identical and as-different-as-possible
spectra, respectively. Additionally, the extracted multispectral data were used to test hard
RF classifications in the dune plots, interpreting the accuracy of each class as another
indicator of the spectral separability.

3. Results
As mentioned, the dune plots AncE and TavW were used for training and testing

the subpixel RFR model and the remaining two plots (AncW and TavE) were used for
independent testing of the trained model. Therefore, aside from the out-of-sample testing
of the trained RFR, the results presented in this section refer to the dune plots AncE and
TavW, and include the following:

• The distribution and FC of plant species in the field (Section 3.1).
• The assessment of species separability from native resolution P4M data, based on

spectral statistics, SA values, and hard RF classification results (Section 3.2).
• The accuracy of spectral unmixing RFR with M4P data, resampled at the WV2 pixel

size, for unseen data. The potential of improving model results by integrating mor-
phological data (distance to shore and elevation) and by grouping species based on
their spectral similarities are also investigated (Section 3.3.1).
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• The accuracy of spectral unmixing of RFR with WV2 data, for unseen data, as well as a
comparison with RFR using PS data; gains in model skill by integrating morphologic
data (distance to shore and elevation) are also analysed for the WV2 application
(Section 3.3.2).

Part of these analyses (e.g., application of RFR with PS), along with additional evalua-
tions (e.g., model sensitivity to hyperparameters) are provided in Appendix A and not as
part of the main manuscript for brevity and consistency.

3.1. Plant Species Fractional Cover

The variability of the main plant species in AncE and TavW is given in Table 2 as
percent of WV pixels where each class was identified (e.g., a value of 100% means a class is
present in all pixels; not to be confused with the class FC), and as FC values in the boxplots
of Figure 3. In both cases, values are shown for the entire plot and only over the foredune
ridge. The boxplots in Figure 3 only considered FC values that exceeded 0 (i.e., pixels
where the plant was present), to avoid skewing the distribution toward low values.

Table 2. Class presence and number of pixels used for training and testing in AncE and TavW, with
reference to the entire plot and only the foredune ridge. Class presence is given as percentage of WV2
pixels where the class was registered (e.g., 100% presence of SandB means that the class is present in
all pixels, meaning that no pixel is fully vegetated): lines 1 to 16 correspond to mapped plant species
(the full name and the abbreviation used herein are given; abbreviations are a combination of the
first four letters of the genus name and the initial letter of the species name), while lines 17 and 18
correspond to classes ‘DeadV’ and ‘SandB’, respectively.

Classes Presence in AncE Plot (in %) Presence in TavW Plot (in %)
a/a Name Abbreviation Entire Plot Foredune Ridge Entire Plot Foredune Ridge

1 Ammophila arenaria AmmoA 0.47 0.92 3.61 7.38
2 Anthemis maritima AnthM 0.00 0.00 55.54 19.28
3 Artemisia crithmifolia ArteC 27.11 12.89 5.07 10.12
4 Calystegia soldanella CalyS 4.24 8.28 0.00 0.00
5 Carpobrotus edulis CarpE 0.00 0.00 4.21 1.05
6 Cladonia foliacea CladF 0.00 0.00 18.01 0.00
7 Crucianella maritima CrucM 2.41 4.27 1.21 3.05
8 Eryngium maritimum ErynM 5.69 11.10 0.05 0.00
9 Helichrysum italicum HeliI 0.18 0.00 66.26 22.46

10 Medicago marina MediM 3.97 7.10 0.00 0.00
11 Otanthus maritimus OtanM 0.50 0.87 0.36 0.93
12 Pancratium maritimum PancM 1.61 2.16 0.00 0.00
13 Paronychia argentea ParoA 30.02 0.00 0.00 0.00
14 Seseli tortuosum SeseT 0.00 0.00 0.03 0.00
15 Silene nicaeensis SileN 28.32 0.88 0.00 0.00
16 Thymus carnosus ThymC 0.00 0.00 7.63 4.86
17 Dead vegetation/shadows DeadV 94.35 92.97 79.58 53.01
18 Sand bare SandB 100.00 100.00 100.00 100.00

Number of Pixels in Training/Testing AncE Plot TavW Plot
Entire Plot Foredune Ridge Entire Plot Foredune Ridge

training population 38,619 19,775 35,637 14,019
testing population 12,873 6592 11,879 4673

The data show that ParoA, SileN, and ArteC are the plant species with the highest
expansion in AncE (Table 2). The former two show low FCs (median values of 1.8% and
0.74%; Figure 3a) and appear almost exclusively over the back dune (i.e., low to no presence
in the foredune). ArteC is present throughout the dune plot and, being a shrub, is also the
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plant species with the highest FC (median of 21.6% in the domain to 24.3% in the foredune).
Classes ErynM, CalyS, and MediM are also highly present in the zone of the foredune ridge,
with median FC values of 3.7%, 2%, and 2.2% (Figure 3a). The remaining plant classes in
decreasing order of expansion are HeliI, CrucM, OtanM, AmmoA, and PancM (median
FCs: 11%, 4%, 3.7%, 3.5%, and 1.5%; Figure 3a).

 

Figure 3. Boxplots of FC of classes of AncE (a) and TavW (b), with reference to the entire plot
(right) and only the foredune (left); the values were calculated using only the WV pixels where each
plant species was present (see Table 2 for values, as well as plant species abbreviation explanation).

For TavW, HeliI has the highest overall presence, especially within the back dunes,
and relatively high FCs (median of 4.5–5.2%; Figure 3b), with AnthM, CladF, and ThymC
also being widespread (Table 2). AnthM and ThymC show slightly higher FCs along the
foredune ridge (2% versus 1.4% for AnthM and 4.4% versus 3.6% for ThymC; Figure 3b),
mainly due to the higher NDVIs of plants compared to the back dune (lower FC of DeadV).
ArteC, though significantly less dominant than in AncE, is mostly abundant in the foredune
of TavW (median FC of around 13%). CarpE is a non-native, invasive species with a
relatively high presence, especially in the back dune, and a median FC of around 5.8%. The
remaining species of CrucM, OtanM, ErynM, and SeseT have low occupancy in the field.
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3.2. Spectral Signature of Plant Species
3.2.1. Plant Spectra

The individual spectra of dune vegetation and bare sand, composing 5 bands from the
P4M (shown as 25th, 50th, and 75th percentiles and individual band boxplots in Figure A2
for AncE and in Figure A3 for TavW), indicate that CladF, ErynM, HeliI, DeadV, and SandB
appear spectrally distinct and therefore the classes should, in principle, be separable by
the algorithm. Conversely, there is significant overlap in the signatures of: (a) AnthM with
ThymC, (b) CrucM with AmmoA, and (c) CarpE with ArteC, indicating that these species
likely cannot be distinguished. Partial overlap is also noted over the R, G, and B bands
between ParoA and OtanM, and in the R, RE, and NIR bands between (a) CalyS and CarpE,
and (b) ArteC, MediM, and CrucM.

To quantify how similar (or different) the individual class spectra are, we calculated
the SA (Equation (3); Figure 4), whereby low SA values express high similarity and vice
versa. A typical threshold value for SA, used to separate spectrums of distinct classes in
classifications, is 0.1 [52]. Adopting the range of SA ≤ 0.1 as too small for two classes to
be distinguishable, most individual classes in AncE appear distinct, with the exception
of ParoA with SandB and CarpE with ArteC (Figure 4a). Contrastingly, most classes
appear highly mixed in TavW (Figure 4b), with spectral affinity for (a) AmmoA with
AnthM, CarpE, and HeliI; (b) AnthM with AmmoA, CarpE, CrucM, and ThymC; (c) CarpE
with AmmoA, AnthM, and CrucM; (d) CrucM with AnthM, CarpE, ErynM, and HeliI;
(e) DeadV with OtanM; (f) ErynM with CrucM; (g) HeliI with AmmoA and CrucM. Only
classes ArteC, CladF, and SandB show high SAs throughout all classes. These relationships
are investigated further by using the same multispectral data to train and test a hard
RF classifier.

 

Figure 4. Heatmap of the Spectral Angle (SA, in radians; see Equation (3)) for AncE (a) and TavW (b),
as an indicator of similarities and differences between the spectra of each class (values of SA ≤ 0.1
are given in bold white font).

3.2.2. Hard RF Classification

Hard classification approaches, as discussed previously, are practically inapplicable for
mid-latitude dune systems, like the ones in Ria Formosa, due to the high spatial variability,
the mixing of plant species, and the presence of species with very small plant parts. The
hard RF classifier is applied here, not as a viable remote sensing methodology for the study
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area, but to assess its ability to differentiate between species spectra at the original image
resolution (i.e., prior to upscaling—spatial averaging—at the WV resolution).

The spectral data collected from individual pixels of the P4M were introduced to
the RF hard classifier, maintaining, where possible, a relative balance in the presence of
each class within the training population. The confusion matrix of the classification is
given in Figure 5a for AncE and in Figure 5b for TavW, as values normalised by the true
number of elements in each class; diagonal elements, therefore, correspond to the producer
accuracy (complementary to the omission error) for each class. The overall accuracy of the
classification is 0.78 and 0.85 for AncE and TavW, respectively, and Cohen’s kappa score [53]
is 0.77 and 0.83. Producer and user accuracies and omission and commission errors are
shown in Figure 5c for AncE and Figure 5d for TavW, with the two sets generally showing
similar values between the training and test populations. An exception is CarpE, with a
significantly higher user than producer accuracy for both barriers (e.g., 0.95 versus 0.5 in
AncE) and SileN (0.92 versus 0.24) and OtanM (0.86 versus 0.58) in AncE. High producer
accuracy (≥0.85) was obtained for classes (a) SandB and DeadV for both barriers, (b) ArteC,
CalyS, CrucM, ErynM, and ParoA in AncE, and (c) CladF, HeliI, and OtanM in TavW. This
provides further indication that the spectral signature of these classes should be distinct
within the sample. The accuracy for MediM in AncE and AmmoA, AnthM, ArteC, CrucM,
and ErynM in TavW could also be considered acceptable (>0.7), while spectral unmixing
likely cannot be successful for the remaining classes.

 

Figure 5. Confusion matrices (values normalised by the true number of elements in each class; the sum
of each line equals to 1) and model accuracies and errors (left and right vertical axes, respectively) for
AncE (a,c) and TavW (b,d) for the hard RF classification using pixel values of the drone multispectral
bands as features.
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It follows that some of the plant species may need to be grouped to improve model
skill. Based on the producer accuracy from the tests in AncE, AmmoA (which showed a
staggering error of 1) will likely need to be grouped with DeadV, and CarpE with ArteC,
while for OtanM the hard classification indicates potential grouping with ParoA. In TavW,
ThymC was mainly misclassified as AmmoA; AnthM and CarpE were misclassified as
ArteC. In the applications of the RFR algorithms for spectral unmixing, we initially focus
on assessing the skill of the model of classes prior to grouping while the potential for
improving skill through species groups is investigated at a later stage (results shown in
Table A1).

3.3. Spectral Unmixing Using RFR
3.3.1. RFR with UAV Data

The FC accuracies (CoD and RMSE), predicted by the RFR algorithm for each class
(16 species of Table 2; 13 (11 plant species and DeadV and SandB) classes per plot) are
shown in Figure 6 for AncE and TavW. Additionally, the corresponding mean absolute
error (MAE) values are given in Table A2. The results refer to regressions considering both
the entire plot area and only the foredune ridge, with skill indicators calculated from the
regression results for the testing population. The number of pixels used for the training
and testing are given in Table 2.

 

Figure 6. Accuracy metrics ((a) coefficient of determination (CoD (the evaluation scale is after
Nikoo et al. [54]) and (b) root mean square error (RMSE)) for the UAV RFR tests, considering the
entire AncE and TavW plots and only the foredune zones.

The model achieves near-perfect accuracy for the bare sand class (SandB: CoD~1,
RMSE~2%, and MAE~1%) in all regressions (both domains and for the entire dune and
foredune ridge zones). The linear model used for the estimation of FCveg was applied to
the high-resolution R and NIR bands of P4M (Equation (1)) and not to the upscaled feature
data. Therefore, the success of the model is not due to forced linearity between independent
and dependent values, and provides confirmation of the separability of the sand class by
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the RFR model. This is also reinforced by the spectral analysis performed and the hard RF
classification results, both supporting the separability of the class.

The RFR shows very good prediction skill for bushy vegetation like ArteC, with
slightly better accuracy in AncE than in TavW, due to the higher expansion of the species in
the domain (see Table 1) and higher spectral mixing with other species (producer accuracy
of 0.83 in TavW and 0.95 in AncE; Figure 5). It should also be noted that ArteC is the class
with the highest prediction RMSE, which is most likely related to the high variability of FC
values in the domain (see Figure 3a).

Unsurprisingly, plant species abundance appears to be a critical factor for the model.
For example, ErynM is sensed with good accuracy in AncE and especially over the foredune
ridge (CoD~0.7), where it is most abundant, while the model shows no skill for TavW
where the species is less common. Similar observations can be made for CrucM and DeadV,
with better model performance in AncE than in TavW, where the classes are less dominant.
HeliI was predicted with good overall accuracy (CoD~0.5 over the foredune and 0.7 for
the entire plot) in TavW where the plant is highly abundant (Table 2 and Figure 3b) and
showed negative CoD values in AncE, due to the low representativity of the species in
the field. Similarly, CarpE and CladF were predicted with reasonable accuracy in the back
dune of TavW (species absent in the foredune ridge; Table 1). ParoA, abundant over the
back dune in AncE, was also sensed with acceptable accuracy.

Contrastingly, the FC of SeseT was predicted with acceptable skill, despite its very low
presence in the back dune of TavW (Table 1; species absent in foredune). This is likely related
to the bushy morphology of the plant and its distinct spectral signature. The model skill
for CalyS was poor, despite its high abundance in the foredune of AncE and the relatively
high producer accuracy in the hard RF classification (Figure 5a), which is potentially linked
to its small plant size. The same is true for SileN, present most prominently in the back
dune of AncE. In this case, however, the hard RF classifier also failed to separate the species
(Figure 5a). Lastly, the RFR algorithm could not distinguish the species ThymC, AmmoA,
PancM, MediM, and OtanM in the either of the plots (CoD < 0.1). For ThymC, a plant
present throughout TavW (Table 2), spectral unmixing was unsuccessful due to spectral
affinity with other classes (Figure 5b), namely with AnthM (Figure 4b). For the four other
species, the failure is likely due to the combination of the low expansion of the plants in the
domain, their morphologic characteristics (e.g., narrow stems and small leaves of AmmoA,
OtanM, and MediM) and spectral signature.

The integration of different species in groups, based on the results of the preceding
spectral analysis (Section 3.2), as an option to improve model skill, was also investigated.
The results, provided in Appendix A, show a small gain in CoD compared to the best
performing species prior to grouping (e.g., the group of AnthM and ThymC showed a CoD
of 0.28, whereas AnthM had a CoD of 0.244; see Table A1). Therefore, seeing that grouping
does not essentially improve model skill, the original classes are maintained for consistency
in the remainder of the analysis.

The efficiency of other regressors, namely SVM and histogram gradient boosting, was
also tested with the UAV data, with the skill of RFR being comparable, if not superior, to
the other model results (Table A3). Moreover, a test was performed to identify the influence
of spatial resolution to the RFR model results by reducing the pixel area to 1/25th (from
0.5 × 0.5 m to 0.1 × 0.1 m). The results did not show a clear pattern, with the higher
spatial resolution RFR showing a higher CoD (by ~0.1) for AnthM and ThymC and a
lower CoD (by ~0.1) for ArteC, DeadV, CladF, and SandB (Table A3). It follows that the
smaller pixel size worsened the skill for the most abundant and better sensed classes in
the original, coarser, prediction. This outcome was rather unexpected and draws attention
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to the influence of spatial scale in the performance of spectral unmixing algorithms for
future research.

The potential of improving the regression results by including morphological (distance
to shoreline) and topographical (elevation from the DSMs) data as additional features to the
five multispectral bands of the UAV was also tested. The results (Table 3) show that there
was noticeable improvement in the model accuracy for AmmoA, CladF, CrucM, OtanM,
and DeadV, even though some classes (e.g., OtanM) still showed very low skill. Comparing
the CoD improvement between the tests with six and seven features (considering only
the distance to shoreline and both parameters, respectively; Table 3), it becomes clear that
the distance to the shore was the main contributor to the improvement, while including
elevation resulted in an additional increase in CoD that ranged between 8% (for OtanM)
and 40% (for CrucM and DeadV).

Table 3. Comparison of CoD (testing population) for TavW and all classes, using five (the P4M
multispectral bands), six (the 5 P4M bands + distance to shoreline) and seven features (the 5 P4M
bands + distance to shoreline + elevation), and CoD difference, showing the improvement (positive
values ≥ 0.1 are formatted in bold) by the inclusion of the additional features, compared to solely
multispectral UAV data; differences in RMSE were low (<0.5%) and were omitted for brevity.

Class
CoD CoD Difference

Nfeatures = 5 Nfeatures = 6 Nfeatures = 7 [6-5] * [7-5] *

AmmoA 0.037 0.331 0.365 0.294 0.328
AnthM 0.244 0.295 0.314 0.051 0.070
ArteC 0.706 0.797 0.781 0.091 0.075
CarpE 0.381 0.411 0.430 0.030 0.049
CladF 0.390 0.530 0.581 0.140 0.191
CrucM −0.037 0.046 0.079 0.083 0.116
DeadV 0.320 0.447 0.497 0.127 0.177
ErynM −0.071 −0.132 −0.138 −0.061 −0.067
HeliI 0.699 0.753 0.761 0.054 0.062

OtanM −0.094 0.105 0.120 0.199 0.214
SandB 0.977 0.978 0.978 0.001 0.001
SeseT 0.373 0.378 0.362 0.005 −0.011

ThymC 0.039 0.041 0.044 0.002 0.005
* [6-5] and [7-5] refer to the the CoD of test Nfeatures = 6 minus the CoD of test Nfeatures = 5 and to the CoD of test
Nfeatures = 7 minus the CoD of test Nfeatures = 5, respectively.

The accuracy of the RFR models, trained in AncE and TavW, was also tested with
unseen data from AncW and TavE (see Figure 1 for location), respectively. The results are
given in Figure 7 and focus on five classes in each plot that showed acceptable or higher
skill in the testing populations (i.e., CoD > 0.3 in Figure 6). The CoD in AncW exceeds
0.6 for all five main classes, with low RMSEs (below 0.03). For TavE the model skill is
lower, but overall comparable to the training plot of TavW. Only for the bare sand class is
the performance significantly lower (CoD 0.63 versus 0.98). RMSEs are also higher than
AncW, reaching 0.85 for SandB. Overall, the trained RFR models maintained their predictive
capacity, performing well with out-of-sample data from the same barrier, indicating a low
risk of overfitting and confirming the robustness of the models and the reliability of the
predictions of the major classes for real-world applications.
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Figure 7. RFR results using unseen UAV data from the plots of AncW (a) and TavE (b): scatterplots of
observed versus simulated FC and bar plots of CoD and RMSE for classes that showed reasonable
skill in AncE and TavW (CoD ≥ 0.3 for Nfeatures = 5 in Table 3).

3.3.2. RFR with WV2 Data

The target dataset was combined with the feature dataset comprising the surface
reflectance values from the eight WV2 bands (Figure 2) to train and test models for AncE
and TavW. The same hyperparameters as for the UAV application were applied. The CoD
and RMSE values for the testing population, considering only the foredune and the entire
dune plots, are given in Figure 8 (a and b, respectively; MAEs are given in Table A2). The
number of pixels used for the training and testing can be found in Table 2.
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Figure 8. Accuracy metrics ((a) coefficient of determination (CoD (the evaluation scale follows
Nikoo et al. [54]) and (b) root mean square error (RMSE)) for the WV2 RFR tests, considering the
entire AncE and TavW plots and only the foredune zones.

The accuracy metrics show the same tendencies with respect to the classes as for the
UAV application, with ArteC and SandB being the best performing classes for both barriers,
while for AncE, ParoA, and DeadV also show acceptable skill. In TavW, the model captures
the presence of CladF, DeadV, and HeliI over the back dune with acceptable accuracy
(except HeliI in the foredune, showing low CoD). The RMSEs (and MAEs; Table A2) are
elevated for ArteC and SandB in AncE, which are the most abundant classes in the area and
the ones showing the highest variability in FCs (see Figure 3b). As was the case with model
application using UAV multispectral data, species grouping for the application with WV2
data also showed that CoD values improved only slightly, compared to the best performing
class within the group (see Table A1).

Overall, the skill of RFR for the WV2 data is strongly reduced, compared to the
predictions with UAV data, despite the higher spectral resolution of the former (eight
bands versus five bands). Considering the classes with acceptable and better model skill
for the UAV application (Figure 6), we note a loss in skill (CoDWV2-CoDUAV) of 0.35 to
0.39 for SandB, 0.31 to 0.46 for ArteC and 0 to 0.2 for DeadV in the two plots, of 0.45 for
ErynM and 0.03 for ParoA, and of 0.29 for HeliI in TavW; interestingly, the skill of WV2
is slightly better for CladF in TavW, showing a skill gain of 0.08, potentially thanks to the
higher spectral resolution. It needs to be stressed that the lower skill of the RFR using
WV2 is mainly related to the predicted FC value of the class, whereas the algorithm was
quite accurate in predicting the location of classes. Visually effective representation of this
capacity through maps is difficult due to the size of the plots and the low FC and absolute
error (e.g., observed—predicted) values. Instead, to visualise the capacity of the model
to accurately pinpoint the location of classes, model predictions (and observations) were
translated into binary confusion matrices for each class, expressing correct and incorrect
predictions on the class presence (and absence) in each WV2 pixel. This analysis, along
with related performance metrics, is included in Appendix A.3. The results show that RFR
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effectively detects true instances (low false negatives), while it mainly misclassifies plants
(high false positives) in classes where accuracy was also low using P4M data (e.g., AmmoA,
CarpE, CrucM, SeseT, and ThymC).

As in the UAV tests, the introduction of distance to the shoreline and elevation data
as additional features was also tested for the WV2 multispectral data. The differences
in CoD by the addition of morphological information (only adding the distance from
shoreline (Nfeatures = 9) and adding both parameters (Nfeatures = 10), compared to the eight
multispectral bands (Nfeatures = 8)) in TavW are given in Table 4. RMSE variability was
low, and the values are omitted for brevity. The CoD shows noticeable improvement in
the classes of ArteC, CladF, and DeadV, while the increase for AmmoA was also relatively
important. Interestingly, model skill reduced for the classes of ErynM and SeseT. Again, the
inclusion of elevation data did not translate to significant improvement compared to the
results obtained using only the distance to shoreline. It follows that the low gain in model
skill probably does not justify the need for elevation information, whereas the distance to
the shoreline can improve results in some of the classes.

Table 4. Comparison of CoD (testing population) for TavW and all classes, using 8 (the WV multi-
spectral bands), 9 (the 8 WV bands + distance to shoreline) and 10 bands (the 8 WV bands + distance
to shoreline + elevation) and CoD difference, showing the improvement (positive values ≥ 0.1 are
formatted in bold) by the inclusion of the additional features, compared to solely multispectral WV
data; differences in RMSE were low (<0.5%) and were omitted for brevity.

Class
CoD CoD Difference

Nfeatures = 8 Nfeatures = 9 Nfeatures = 10 [9-8] * [10-8] *

AmmoA 0.206 0.287 0.302 0.081 0.096
AnthM 0.116 0.134 0.156 0.018 0.04
ArteC 0.397 0.531 0.556 0.134 0.159
CarpE 0.078 0.152 0.168 0.074 0.09
CladF 0.473 0.581 0.634 0.108 0.161
CrucM −0.05 −0.044 −0.025 0.006 0.025
DeadV 0.345 0.487 0.509 0.142 0.164
ErynM −0.056 −0.103 −0.34 −0.047 −0.284
HeliI 0.417 0.462 0.505 0.045 0.088

OtanM −0.033 −0.013 0.012 0.02 0.045
SandB 0.562 0.6 0.63 0.038 0.068
SeseT −0.04 −0.089 −0.096 −0.049 −0.056

ThymC −0.014 −0.005 0.018 0.009 0.032
* [9-8] and [10-8] refer to the CoD of test Nfeatures = 9 minus the CoD of test Nfeatures = 8 and to the CoD of test
Nfeatures = 10 minus the CoD of test Nfeatures = 8, respectively.

Applying the trained RFR models to the unseen WV2 data of AncW and TavE (Figure 9)
produced comparable accuracies for the five detectable classes for each plot (the same five
classes as for the application with unseen P4M data) to the ones obtained for the training
and testing dune plots with WV2 (Figure 8). CoD was even slightly better (by around 0.1 to
0.2) than the test score in AncE for classes SandB, DeadV, and ParoA and in TavW for classes
ArteC and CladF. DeadV and SandB in TavE, on the other hand, showed lower CoD values
than in TavW (by 0.06 and 0.11, respectively). The overall consistency in performance,
as was the case for the predictions with unseen P4M data, indicates that the model is
not overfitted and maintains its predictive accuracy well beyond the training dune plot,
supporting the reliability of RFR predictions using WV2 for the main detectable classes.
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Figure 9. RFR results using unseen WV data from the plots of AncW (a) and TavE (b): scatterplots of
observed versus simulated FC and bar plots of CoD and RMSE for classes that showed reasonable
skill in AncE and TavW (CoD ≥ 0.3 for Nfeatures = 8 in Table 4).

4. Discussion
Spectral unmixing approaches have been successfully applied in remote sensing of

habitats with higher FCs (e.g., marshes; [28]). In fact, the RFR algorithm applied herein
has been used to predict plant FC distribution in the North Inlet–Winyah Bay saltmarsh
(Georgetown, SC, USA) using UAV and WV2 data [29]. The model (called a rescaled
RFR in the work of Yang et al.) was able to accurately estimate the FC of bare soil and
two dominant marsh species (0.57 < CoD < 0.93 and 0.05 < RMSE < 0.27) but did not
capture the distribution of a less dominant species effectively [29]. Our application of
the same approach in the highly mixed coastal dunes of the Ria Formosa barriers led to
similar results and observations regarding model skill and limitations. The model was
able to predict the FC of five major classes in the two barrier islands tested (three plant
species, SandB, and DeadV), with reasonable-to-very good accuracy using upscaled UAV
data (0.39 < CoD < 0.99 and 0.018 < RMSE < 0.041) and with reasonable-to-good accuracy
using WV2 data (0.35 < CoD < 0.62 and 0.040 < RMSE < 0.123). Class expansion is an
important factor, with dune plant species present in less than around 1/5th of the pixels
(see Table 2) being practically undetectable. This may be linked to the FC distribution
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within the sample, as an imbalanced dataset typically leads to underprediction of minority
classes within the model population [55]. Still, resampling approaches that target this
imbalance by artificially reinforcing the presence of ‘rare’ data within the distribution,
such as the Synthetic Minority Oversampling Technique for Regression (SMOTER; [56]),
did not improve skill with underperforming classes for TavW with WV2 (see Table A3).
More specifically, an adapted version of SMOTER [56] was applied, that accounts for the
prevalence of zero-FC observations for minority plant classes in our dataset (see Figure 3)
by considering only the non-zero value distribution to both (a) identify the rare values
(instances that exceeded the mean plus the standard deviation of non-zero FCs of the class)
and (b) perform the oversampling (using k-nearest neighbour interpolation within the
rare values and oversampling rare values with a factor of 5). Therefore, the detection
failure is most likely a combination of the low representation of some classes, combined
with plant characteristics. Especially for plants whose aboveground parts cover a low
proportion of the WV pixel, their signal is most likely overwhelmed by other classes that
cover more space over the pixel, even if their spectral signature is distinct. An example is
CalyS that, despite appearing spectrally distinct from the remaining classes while using
native resolution UAV multispectral data (high SA throughout (Figure 4a) and an accuracy
of 0.87 in the hard RF (Figure 5a)), showed very poor skill in tests using data from larger
pixel sizes (upscaled P4M at 0.5 m and WV2).

Compared with other spectral unmixing regressor models tested, RF performed better
than SVM and HGB for predicting FC at the subpixel level in the Ria Formosa coastal
dunes. Contrastingly, Medina Machín et al. found hard SVM classification outperforming
linear unmixing for the identification of six non-herbaceous plant species (five shrubs and
one rush) in the Maspalomas dunes (Grand Canaria Island, Spain) from WV2 imagery [7].
The size of these plants typically exceeds the WV2 pixel, indicating that the application of
unmixing techniques was likely not strictly necessary and therefore justifying the higher
accuracy of hard classifiers. It follows that the target species in the Maspalomas dunes
were significantly different than our study, with only some of the ArteC plants in Ria
Formosa reaching similar sizes. Similarly, the size of the target classes, compared to the
spatial resolution of the features used, is an important consideration for the observations
of Pafumi et al. regarding the skill of hard and soft RF classifiers for coastal dune habitat
identification from WV3 (in two sites in Tuscany, Italy) [32]. The authors concluded that
hard approaches were better at classifying dune scrubs and white dunes, while also noting
that soft approaches captured a more realistic representation of vegetation patterns [32].
These considerations and observations highlight the importance of selecting a level of
analysis aligned with the objectives of each study site and case. Whereas, for example, hard
approaches may be more accurate for the identification of coastal dune habitats, they are
hardly justifiable for satellite observation of dune species in highly mixed systems.

The spatial resolution of the feature dataset can impact the model skill, as evidenced in
the reduced performance of RFR using PS imagery (see Appendix A.4). Ettritch et al. also
found an exponential increase in total dune vegetation abundance error with decreasing
spatial resolution [31]. However, the RFR tests comparing UAV multispectral data resam-
pled at 10 cm and 50 cm pixels did not follow this pattern, with the higher resolution slightly
underperforming in terms of the most abundant classes. Smyth et al. also noted higher
errors occurring when applying supervised classification to very high image resolution
multispectral UAV data (e.g., for a 0.01 m versus a 0.25 m pixel size) [49]. A systematic
approach, aiming to study the combined impact of spatial resolution and the predominance
of one class with respect to the others on the unmixing accuracy is needed to provide more
clarity on these influences.
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The assessment of potential improvement in model skill by the inclusion of morpho-
logical data in the predictor dataset showed that the distance to the shoreline was more
effective, increasing model skill by 7 to 40% when using UAV data and by 10 to 55% when
using WV2 data. Lansu et al. also observed accuracy improvement, albeit accompanied
with a small decrease in precision, in dune habitat mapping using Convolutional NN
along the Dutch coast after including the distance to shoreline to coarse (25 cm) UAV
multispectral data [19]. Their results improved further by also including elevation data
(digital surface model and canopy height), which was mostly linked to a better separa-
tion between shrubs and broadleaf trees [19]. Similarly, Franklin et al. reported a 90%
accuracy in detecting the presence of shrubs in the barrier islands of Virginia (USA) from
LandSat-LiDAR imagery composites, using decision trees and RFs [57]. Other works, like
that of Cruz et al. who used RF with UAV data [12], also advocate for the inclusion of
elevation data for dune habitat monitoring. We found that the additional skill enhancement
was too low to justify the need for topographic data (obtained by DEM and resampled
at 0.5 m), even for applications only considering the embryonic dune and the foredune
ridge, where topography is more linked to species distribution (e.g., [33]). In coastal dune
systems, however, where elevation is an important model predictor for dune plant distri-
bution, spectral unmixing could be applied jointly with novel approaches for achieving
reasonable accuracies (0.5–1 m) in satellite-derived DEMs (e.g., [58]) for coastal observation
and monitoring through satellite imagery.

The grouping of dune plant species based on spectral similarities was performed as an
exercise in improving model accuracy and showed that each group essentially adopted the
skill of its the best-performing member, without notable additional gains. While grouping
did not essentially improve accuracy for our system, it needs to be stressed that some of the
species that were included within a ‘spectrally similar’ group do not belong to the same
successional stage type (e.g., AmmoA is a dune builder and should not have been grouped
with sand-binder species like CrucM, ErynM, and OtanM; see [59]). Such considerations,
along with the location of plants within the dune system, need to be considered, especially
in highly mixed dune systems. Hyperspectral imagery, on the other hand, could provide
critical missing spectral detail needed to improve the segregation of plants or plant groups.
Laporte-Fauret, for example, obtained good accuracies using RF classification of airborne
hyperspectral imagery (spatial resolution: 1 m; spectral resolution: 4.5 nm; spectral range:
from 409.23 to 987.08 nm) to classify nine plant species in a coastal dune system in southwest
France, but noted a reduced model skill for small plants and low-density vegetation patches
(i.e., mixed pixels) [14]. Their results were limited by the low spatial resolution, combined
with the pixel-by-pixel approach employed, whereas our results were likely mostly limited
by the available spectral resolution.

It follows that coupling spectral unmixing algorithms with hyperspectral imagery
could be the key to overcoming these limitations and appears to be a promising direction for
future research in Earth observation of coastal dunes. Combining such data with automated
(e.g., object-based classification [15]) or semi-automated (e.g., [60]) segmentation tools to
delineate individual classes or class groups would significantly decrease the manual labour
involved in compiling the reference dataset. Additionally, FCveg can be estimated using
a subset of the ground truth data and machine learning methods, like RFs that showed
high accuracy in predicting the FC of desert vegetation [46]. Such avenues could increase
the automation and robustness of the approach, paving the way to wide-scale monitoring
applications. At the same time and considering the good model skill in terms of sensing the
FC of bare sand (or total vegetation) and major plant species from both drone and satellite
imagery, such products can be capitalised on in coastal dune environmental research. For
example, spectral unmixing results can (a) be incorporated into aeolian sand transport
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models to inform on plant distribution in the field, thus making it possible to improve
approximations of flow–plant interactions (e.g., reducing flow velocity with vegetation
cover [61]) and predictions of dune morphological change; (b) be used to monitor sand
cover as an indicator of dune mobility (e.g., mapping of blowouts [62]); or (c) be used
to monitor dune vegetation cover as indicator of dune vulnerability (e.g., using FCveg

thresholds [63]).

5. Conclusions
The main conclusions drawn from the analysis performed are as follows:

• Spectral unmixing algorithms, like the subpixel random forest regressor, can achieve
good accuracies in detecting the fractional cover of major species (most abundant
classes and bushy vegetation) in Mediterranean dune environments using multispec-
tral data from coarse UAV flights or high-resolution satellites. The model showed
poor skill in detecting small-stemmed or less abundant plant species in the domain
(i.e., present over less than 5% of the pixels). Random forest achieved better accuracies
than support vector machine and histogram gradient boosting regressors.

• Our results point to class abundance and plant characteristics (the area of plant cover
within the satellite image pixel, along with spectral signature) being a significant limit-
ing factor for the detectability of a class. Species with distinct spectral properties but
low representation within the WV pixel (e.g., Calystegia soldanella) were not detectable,
and neither were species with a high presence in the field and cover within the WV
pixel, but without strong spectral differences (e.g., Thymus carnosus).

• The trained model demonstrated strong generalisation ability, as reflected in its good
performance on previously unseen test data. This suggests that the model effectively
captured the underlying patterns in the plant distribution rather than noise or overfit-
ting to the training distribution. The robustness of the trained RFR for the selected
classes indicates that it can provide reliable predictions of major dune plant species
in sparsely vegetated dune environments with reasonable accuracy for real-world
applications, such as large-scale monitoring.

• Grouping of species with respect to their spectral signatures resulted to very small
increase in skill compared to the best performing species within each group, for both
dune sites and multispectral data (UAV and WV2) tested. It follows that grouping
did not improve performance in our study site; however, it should be stressed that
the grouping of plant species in dune systems should not only consider the spectral
properties of plants, but also their biogeomorphic characteristics (e.g., functional traits:
pioneers, dune builders, and sand-binders).

• The analysis performed in Ria Formosa shows that the accuracy of spectral unmixing
through random forest regressors can be enhanced by including morphological data
in the predictor dataset. By including the distance to the shoreline, an increase in the
coefficient of determination of around 0.1 was obtained for most major classes, while
including elevation data led to a further increase in the order of 0.02–0.05. The influence
of elevation is deemed to be too low and likely does not justify the need to obtaining
elevation data, especially for the purposes of large-scale, systematic monitoring.

• Enhancing the broadness and resolution of the spectral data used with unmixing
algorithms may be the key to improving the segregation of plants or plant groups
in highly mixed coastal dunes, and is a research direction worth pursuing. In con-
junction with automated segmentation tools for reference data extraction, spectral
unmixing from super-/hyperspectral data could be a significant step forward in coastal
dune observation.
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Appendix A
The appendix includes additional plots and tables (Appendix A.1) and assessment of

model sensitivity to RFR hyperparameters (Appendix A.2), performance metrics for the
WV2 application, calculated after interpreting model FC predictions as binary confusion
matrices for each class (Appendix A.3) and for the application using Planet-Scope imagery
(Appendix A.4).

These data and analyses were included herein and not in the main manuscript body
to provide additional information without interrupting the flow of the analysis.

Appendix A.1. Additional Tables and Plots

Table A1. Comparison of RMSE and CoD (testing population) in AncE and TavW (upper and
lower parts, respectively) using P4M and WV2 data (left and right parts, respectively) for the initial
application and after grouping species with respect to considering spectral similarity.

P4M WV2
AncE RMSE CoD RMSE CoD RMSE CoD RMSE CoD

AmmoA 1.515 0.037

1.604 0.038

1.372 0.208

1.595 0.212
CrucM 0.618 −0.037 0.610 −0.062
ErynM 0.204 −0.071 0.243 −0.059
OtanM 0.205 −0.094 0.162 −0.036

ArteC 2.897 0.706
3.018 0.747

4.126 0.395
4.897 0.35CarpE 2.108 0.381 2.571 0.063

SeseT 0.602 0.373 0.816 −0.048

AnthM 1.834 0.244
2.534 0.279

1.901 0.11
2.908 0.081ThymC 2.295 0.039 2.228 −0.019

P4M WV2
TavW RMSE CoD RMSE CoD RMSE CoD RMSE CoD

AmmoA 0.48 −0.017
1.736 0.191

0.486 −0.055
1.862 0.082MediM 0.995 0.066 1.027 −0.006

CrucM 1.403 0.117 1.469 0.025

ArteC 4.097 0.941
4.02 0.942

12.165 0.48
12.262 0.477CalyS 0.801 0.067 0.794 0.078

ErynM 1.474 0.597
1.57 0.632

2.135 0.148
2.28 0.148OtanM 0.518 −0.026 0.525 −0.071

HeliI 0.914 −0.03
1.19 −0.041

0.918 −0.043
1.157 −0.043PancM 0.534 −0.071 0.53 −0.064

SileN 0.662 0.139
1.091 0.99

0.661 0.141
11.057 0.633SandB 2.042 0.987 11.005 0.641
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Table A2. Mean absolute error (MAE; in %) of predicted class FC from RFR results using UAV and
WV2 data in AncE and TavW; values correspond to the testing population.

Class
AncE TavW

Plot Foredune Plot Foredune
UAV WV2 UAV WV2 UAV WV2 UAV WV2

AmmoA 0.04 0.04 0.06 0.07 0.31 0.26 0.40 0.41
AnthM - - - - 0.94 1.07 0.84 1.02
ArteC 1.79 6.39 1.09 2.85 0.74 1.11 0.92 1.91
CalyS 0.19 0.19 0.36 0.37 - - - -
CarpE - - - - 0.53 0.67 0.14 0.20
CladF - - - - 0.39 0.30 - -
CrucM 0.23 0.27 0.33 0.45 0.09 0.09 0.22 0.24
DeadV 0.87 1.34 0.66 0.84 1.00 0.99 0.70 0.76
ErynM 0.34 0.55 0.52 1.02 0.01 0.01 - -
HeliI 0.06 0.06 - - 1.54 2.49 1.16 1.71

MediM 0.22 0.23 0.36 0.39 - - - -
OtanM 0.04 0.05 0.06 0.07 0.01 0.02 0.03 0.04
PancM 0.06 0.07 0.07 0.08 - - - -
ParoA 0.48 0.73 - - - - - -
SandB 1.19 6.62 1.03 4.01 1.20 4.20 1.02 3.66
SeseT - - - - 0.02 0.02 - -
SileN 0.25 0.37 0.02 0.03 - - - -

ThymC - - - - 0.77 0.85 0.59 0.68

Table A3. Additional model runs in TavW (CoD values for the testing population), using: P4M
data, where RFR 50 cm: RFR model results discussed in Section 3.3.1; HGBR: histogram gradi-
ent boosting regressor results (using loss = ‘squared_error’, max_iter = 300, max_leaf_nodes = 15,
early_stopping = False, random_state = 0); SVMR: support vector machine regressor results
(kernel = ‘rbf’, C = 100, epsilon = 0.01). RFR 10 cm: RFR model results, using P4M data with a
pixel size of 10 × 10 cm (i.e., 1/25th of the RFR 50 cm pixel); RFR 50 cm, HBBR and SVMR use
P4M data, upscaled at the WV pixel grid; and WV2 data, where RFR: model results discussed in
Section 3.3.2; RFR SMOTER: minority values were reinforced in the training set, by oversampling
values exceeding the mean plus one standard deviation of the non-zero FC values (following the
SMOTER approach of Torgo et al., [58]).

Class
P4M Data WV2 Data

RFR 50 cm HGBR SVMR RFR 10 cm RFR RFR SMOTER

AmmoA 0.037 0.002 −0.394 −0.03 0.208 0.118
AnthM 0.244 0.258 0.199 0.341 0.110 0.110
ArteC 0.706 0.692 0.708 0.595 0.395 0.394
CarpE 0.381 0.358 0.297 0.337 0.063 0.094
CladF 0.39 0.378 0.187 0.255 0.469 0.482
CrucM −0.037 −0.112 −1.522 −0.037 −0.062 −0.015
DeadV 0.32 0.322 0.365 0.205 0.340 0.368
ErynM −0.071 −0.092 −3.54 −0.024 −0.059 −0.023
HeliI 0.699 0.69 0.711 0.668 0.414 0.428

OtanM −0.094 −0.065 −18.187 −0.045 −0.036 −0.079
SandB 0.977 0.977 0.978 0.889 0.584 0.589
SeseT 0.373 0.469 −0.122 0.422 −0.048 −1.257

ThymC 0.039 0.077 −0.062 0.159 −0.019 −0.042
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Figure A1. Sequence of data preprocessing steps to obtain the FC of plant species from the UAV data,
based on TavW: individual plant boundaries, mapped on high-resolution orthophotos from M2P (a),
are combined with the FCveg raster ((b) obtained from P4M through Equation (1)) to separate the
portion of FCveg that corresponds to each dune plant species and then upscale (mean FCveg over the
pixel) at the WV pixel size; examples of the FC of ArteC at the original raster resolution and at the
WV pixel grid size are given in (c) and (d), respectively (the zoomed area at the right shows changes
in FC after upscaling).
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Figure A2. Spectral signature of the main dune plant species and bare sand (SandB) and DeadV
classes, obtained from the P4M UAV for AncE, shown as median values (lines) and the range between
the 25th and 75th percentiles (shaded area) for all bands (a) and boxplots for the blue (b), green (c),
red (d), red edge (e), and NIR (f) bands.
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Figure A3. Spectral signature of the main dune plant species and bare sand (SandB) and DeadV
classes, obtained from the P4M UAV for TavW, shown as median values (lines) and the range between
the 25th and 75th percentiles (shaded area) for all bands (a) and boxplots for the blue (b), green (c),
red (d), red edge (e), and NIR (f) bands.
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Appendix A.2. RFR Sensitivity and Parameter Tuning

There are several hyperparameters that impact the accuracy of RF algorithms. The
main parameters that need to be tuned for performance are [52]:

• The number of trees within the forest (NTree); typically, the higher the number of trees,
the better the results in terms of performance and the precision of variable importances;
however, the improvement obtained by adding trees diminishes as more and more
trees are added.

• The number of drawn candidate variables in each split (min_samples_split), which for
the case of RFR is proposed to be 1/4.

• The maximum tree depth (max_depth), which represents the longest path from the
root node to the leaf node.

The variability of the coefficient of determination (CoD) with the values of parameters
NTree and max_depth for different classes is given in Figure A4. It is noted that the model is
largely stable for the NTree parameter, with the accuracy remaining practically unchanged
in all classes for NTree > 150. The max_depth parameter produces higher variability in
model accuracy, showing a high impact on model skill for some of the classes. Most classes
show stablilised CoD values for max_depth > 15, while ErynM and SileN obtain stable
accuracy scores after max_depth > 20.

 

Figure A4. Sensitivity of model skill (CoD) to (a) the number of trees and (b) the maximum tree
depth considered for different classes (circle and square symbols correspond to data from TavW and
AncE, respectively).

Based on these results, the main tuning parameters were set at NTree = 500 (main-
taining a high number of trees—even though the same skill being achieved by lower
values—was considered as the safest choice) and max_depth = 15 (to avoid overfitting).

Appendix A.3. RFR WV2 Predictions Analysed as a Binary Problem

The results of RFR for the WV2 application were used to assess the predictive capacity
of the algorithm using tools typically applied in hard classification approaches, such as con-
fusion matrices and related performance metrics. To do this, the predicted (and observed)
FC values were translated into presence/absence assuming a floor value of 0.005 for FC.
Given that the results of spectral unmixing algorithms allow calculating only the diagonal
elements of a typical confusion matrix (i.e., true positives; model mispredictions cannot be
attributed to a specific class, as individual RFR forests predict the FC distribution of each
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class), individual binary confusion matrices were built for each of the 13 classes in the plots
of AncE and TavW (Figure A5).

 

Figure A5. Individual binary normalised confusion matrices for each class from the results of the
RFR using WV2 data for AncE (a) and TavW (b). True positives (TPs), true negatives (TNs), false
positives (FPs), and false negatives (FNs) were calculated as the number of pixels where the class
was correctly predicted, correctly not predicted, incorrectly predicted, and incorrectly not predicted,
respectively, normalised by the total value of pixels in the image (TN equals 0 for class SandB, due to
the class being present in all pixels); values in parentheses show RMSEs in %.



Remote Sens. 2025, 17, 3991 32 of 36

Various performance metrics (accuracy, precision, recall, F1 score, and Cohen’s kappa),
calculated based on these matrices:

accuracy =
TP + TN

TP + FP + TN + FN
(A1)

precision =
TP

TP + FP
(A2)

recall =
TP

TP + FN
(A3)

F1 score =
2 × precision × recall

precision + recall
(A4)

recall =
2 × (TP × TN − FN × FP)

(TP + FP)× (FP + TN) + (TP + FN)× (FN + TN)
(A5)

where TP, TN, FP, and FN are true positives, true negatives, false positives, and false
negatives, respectively. The indicator values are given in Figure A6 and show high accuracy
and recall for most classes in both plots, and mostly lower precision values. This shows that
while the model is indeed effective overall at detecting true instances (low false negatives),
it may misclassify species, showing high false positives in some of the classes (e.g., AmmoA,
CarpE, CrucM, SeseT, and ThymC). AnthM achieved an F1 score of around 0.8 (Figure A6),
indicating the overall balanced performance of the algorithm for the class, despite the very
poor CoD (Figure 8a).

 

Figure A6. Performance indicators for the RFR application using WV2 data, determined from
individual binary confusion matrices for each class (see Figure A5): accuracy, precision, recall, F1
score, and Cohen’s kappa, calculated through Equations (A1)–(A5).
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Appendix A.4. RFR Using PlanetScope Imagery

Multispectral imagery from the PlanetScope (PS) satellite (Level 3B, Ortho Analytic,
eight bands, surface reflectance; spatial resolution of 3 m; acquisition 19 July 2024) were
also tested at the TavW plot, following the post-processing analysis described in Section 2.2
and Figure 2, adapted at the spatial resolution of PS.

The RFR performance using WV and PS surface reflectance in each of the classes is
shown in Figure A7, where it can be noted that RFR with PS appears to outperform RFR
with WV for some classes like CrucM, OtanM, AnthM, HeliI, and DeadV. Interestingly,
it also significantly underperforms for the class of ArteC, which is the plant species that
showed the highest skill in WV. The difference between the observed and predicted FC
(absolute error) for AnthM, ArteC, CladF, CrucM, DeadV, and HeliI is given in Figure A8.
These error maps show that RFR with PS data appears more skilful in reproducing the
location and FCs of small-scale plants, like OtanM and CrucM that RFR with WV, whereas
the error for the bushy ArteC, or more abundant classes like DeadV, is rather high. It
needs to be noted that the change in spatial scale (0.5 m for WV to 3 m for PS) means
that the pixel grid of PS is 36 times larger, and therefore the FCs are significantly reduced
(e.g., the maximum FC for ArteC in TavW is 0.307 for PS and 0.82 for WV, whereas for
CrucM the corresponding values are 0.04 and 0.33). It therefore is likely that the better
model performance with PS for low FC classes is more related to error diffusion than higher
actual skill.

 

Figure A7. RFR model accuracy (CoD) using WV (y axes) versus PS (x axis) imagery; results are
from TavW.
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Figure A8. Absolute error (observed–predicted) in FC of indicative classes in TavW using RFR with
PS radiometric data.
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