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Abstract: Remote sensing can support dune ecosystem conservation. Unoccupied Aircraft Systems
(UAS) equipped with multispectral cameras can provide information for identifying different vegetation
species, including Carpobrotus edulis—one of the most prominent alien species in Portuguese dune
ecosystems. This work investigates the use of multispectral UAS for C. edulis identification and biomass
estimation. A UAS with a five-band multispectral camera was used to capture images from the sand
dunes of the Cávado River spit. Simultaneously, field samples of C. edulis were collected for laboratorial
quantification of biomass through Dry Weight (DW). Five supervised classification algorithms were
tested to estimate the total area of C. edulis, with the Random Forest algorithm achieving the best results
(C. edulis Producer Accuracy (PA) = 0.91, C. edulis User Accuracy (UA) = 0.80, kappa = 0.87, Overall
Accuracy (OA) = 0.89). Sixteen vegetation indices (VIs) were assessed to estimate the Above-Ground
Biomass (AGB) of C. edulis, using three regression models to correlate the sample areas VI and DW. An
exponential regression model of the Renormalized Difference Vegetation Index (RDVI) presented the
best fit for C. edulis DW (R2 = 0.86; p-value < 0.05; normalised root mean square error (NRMSE) = 0.09).
This result was later used to estimate the total AGB in the area, which can be used for monitoring and
management plans—namely, removal campaigns.

Keywords: multispectral images; unoccupied aircraft systems; invasive species; vegetation indices;
above-ground biomass; QGIS

1. Introduction

Coastal sand dunes constitute a vital ecosystem that provides multiple ecosystem
services, including coastal protection against erosion, wind and wave impacts, reduction of
overtopping and flood risks, recycling nutrients, recreation, and the filtration, retention,
and storage of freshwater [1]. The integrity of this ecosystem is intrinsically connected with
vegetation [2], as the plants’ roots help stabilise the dunes and the aerial parts act as a wind
barrier capturing and retaining sediments, reducing wave and wind-driven erosion [3].
Coastal dune environments also contribute to improving biodiversity by hosting different
habitats and species [4].

Nevertheless, dune ecosystems face numerous threats, with dune vegetation being
especially sensitive to disturbance and heavily affected by humans. Along with the degrada-
tion of dunes due to urbanisation and infrastructures or careless visitors, these ecosystems
are highly susceptible to invasive plant species that compete with native species [5]. As
autochthonous dune vegetation is damaged or removed, invasive species get a chance to
expand their distribution area [6], leading to biodiversity loss.
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A prominent alien species in European, and particularly in Northern-Portuguese
dunes, is the ice plant Carpobrotus edulis [6]. This perennial creeping subshrub was initially
introduced from South Africa as an ornamental plant and later used for slope stabilisa-
tion [1], but is now considered an important invasive species that threatens local dune
vegetation and demands attention and monitoring to preserve sensitive dune ecosystems.
C. edulis is characterised by fleshy leaves and large pink or yellow flowers. This species
typically shows two layers: the green upper layer, which absorbs and reflects the sunlight,
has succulent leaves and wet parts, and the lower layer is composed of older brown and
dry leaves. The species directly competes with native plants for water, space, and sunlight,
reducing and suppressing their growth and reproduction [7,8]. In addition, the dead matter
of C. edulis can affect the soil’s physicochemical and biological parameters, adding more
carbon to the substrate and possibly altering the germination and physiology of native
species [7,9].

In the past ten years, the use of Unoccupied Aircraft Systems (UAS) for ecosystem
monitoring has become increasingly frequent, driven by the miniaturisation and development
of cameras, sensors, and positioning systems, which allow the collection of high-resolution
and precision imagery at a low cost. Being relatively cheap and easy to deploy, UAS carrying
RGB, multi-, or hyper-spectral cameras have become a useful tool—especially for monitoring
highly dynamic ecosystems at a local scale [10]. Multispectral UAS has been particularly
widely disseminated in agriculture to assess within-field crop growth conditions [11]. Previous
studies have indicated that Vegetation Indices (Vis) obtained from multispectral images can
estimate plant biomass with satisfactory precision for commercial crop cultures [12,13]. In
recent years, different equipment carrying multispectral cameras has also had an essential role
in identifying and monitoring alien species-invaded areas [14–18]. The correlations of VIs and
quantifiable vegetation parameters of invasive species have also been assessed, presenting
different results depending on the species, methodology, equipment, and resolution. [19–21].

The main objective of this work was to develop and test a UAS remote-sensing
methodology for (i) identification of the invasive species C. edulis based on its multispectral
signature, and (ii) determination of the C. edulis cover area and biomass in the sandy dunes
of a Marine Protected Area of NW Portugal (PNLN—Parque Natural do Litoral Norte). The
results of this work can support the management of invasive species in dunes, providing
an affordable method for the monitoring and quantification of C. edulis.

2. Materials and Methods

This study of C. edulis cover and biomass was based on the species’ spectral signature in
multispectral imagery and on the relationship between the species’ biomass and VIs. After
the presentation of the study area (Section 2.1), the procedures are presented divided into
three phases: in situ work—including fieldwork and remote sensing (Section 2.2)—laboratory
work for biomass estimation (Section 2.3), and image and biomass analyses (Section 2.4). The
workflow is summarised in Figure 1.

2.1. Study Area

The study area is located on the northern coast of Portugal, on the estuarine sandspit
of the river Cávado, the largest watershed of the PNLN—a marine protected area on
the Northern Atlantic Coast of Portugal. The PNLN occupies a coastal stretch of about
16 km between the Neiva estuary (41◦36′46.56”N, 8◦48’32.55”O) and the southern border
of Apúlia (41◦28′10.68”N, 8◦46′31.30”O), extending its area 5 km into the sea (Figure 2).
Covering a total area of 8887 ha—of which 7653 ha are marine areas—it is administered
by the Portuguese nature and forest conservation institute (Instituto da Conservação da
Natureza e das Florestas—ICNF).
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Figure 2. Location of the study area (red) in northern Portugal (a), within the Northern Littoral
Natural Park ((b) park area in green) and on the estuarine sandspit (c) (Image: Google Earth—SIO,
NOAA, U.S. Navy, NGA, GEBCO).

The PNLN was created to protect the littoral of Esposende, preserve its natural resources
and elements, and promote the rational and sustainable use of the area. With its mainland
consisting essentially of a strip of sandy shores, it houses 15 different habitats described in
the Habitat Directive, with four of them marked as priority habitats: 1150—Coastal lagoons,
2130—Fixed coastal dunes with herbaceous vegetation (grey dunes), 2270—Wooded dunes
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with Pinus pinea and/or Pinus pinaster, and 91E0—Alluvial forests with Alnus glutinosa and
Fraxinus excelsior (Alno-Padion, Alnion incanae, Salicion albae).

There are 240 different vegetation species identified on the NLNP, with most of them
native to the north Iberian littoral—including some endangered species; this native veg-
etation is vital for preserving its morphological and biotic characteristics [22]. Twelve
invasive vegetation species were identified within the flora, the most prominent being
Acacia longifolia and Carpobrotus edulis, which pose significant pressure on the dunar habi-
tats [7]. Studying and monitoring the invasive species in the park can play a crucial role in
preserving the NLNP habitats.

Almost all the in-land park area has an altitude of less than 10 m above mean sea
level, with only some dunes with heights between 10 and 20 m. Like many other coastal
environments, the park dunes suffer not only from invasive species but also from erosion
risks, which are expected to increase due to climate change and pressures related to
urbanisation and recreation (trampling) [23].

2.2. Survey and Fieldwork

The study area was surveyed in May 2022 with two UAS—one with a multispectral
camera for the study of C. edulis, and a second one with a higher-resolution RGB camera to
facilitate the identification of land cover for the classification process. Multispectral images
were taken with a DJI M200 equipped with a MicaSense RedEdge-MX multispectral camera
(Table 1) flying at 30 m height, which resulted in 5135 images with a 2.5 cm Ground Sample
Distance (GSD). RGB images were taken with the inbuilt camera of a PHANTOM 4DJI
flying at 30 m height, providing 136 images with a GSD of 1.0 cm.

Table 1. MicaSense RedEdge-MX Band specifications.

Band Centre Wavelength Bandwidth

Blue 475 nm 32 nm
Green 560 nm 27 nm
Red 668 nm 16 nm

Red Edge 717 nm 12 nm
Near Infrared 842nm 57 nm

Prior to the flights, thirty 50 × 50 cm2 quadrats were placed over C. edulis vegetation
with different densities and health conditions to obtain information about a range of densi-
ties and biomasses (Figure 3). The quadrats were placed in a North–South orientation to
maximise the number of useful image pixels within the frame and to reduce the interference
of the frame in the images, as flights and image pixels were also North–South oriented. All
quadrats were placed in areas containing only C. edulis to obtain the best possible spectral
signatures for the target species.

After the flights, the whole Above-Ground Biomass (AGB) of C. edulis within the
central 30 × 30 cm2 of each quadrat (Figure 3b) was removed, bagged, and tagged, and
taken to the lab for biomass determination. This way, only the biomass corresponding to
the image pixels unaffected by the frame was considered, as the sunlight reflection of the
quadrat may interfere with the reflectance of C. edulis—especially on the boundary between
the quadrat and the vegetation (as shown in a previous test survey).

The quadrats were georeferenced with a dual-frequency differential high-precision
Global Navigation Satellite System (GNSS) antenna (NovAtel GPS-702-GG) in Real Time
Kinematic (RTK) mode with fixed-station corrections using the RENEP network. These
quadrats also served as Ground Control Points (GCP), placed next to 8 additional equally
georeferenced GCP to enhance orthomosaic geometry and geolocation precision during
imagery processing (Section 2.4).



Remote Sens. 2023, 15, 2411 5 of 16

Remote Sens. 2023, 15, x FOR PEER REVIEW  5  of  17 
 

 

taken to the lab for biomass determination. This way, only the biomass corresponding to 

the image pixels unaffected by the frame was considered, as the sunlight reflection of the 

quadrat may  interfere  with  the  reflectance  of  C.  edulis—especially  on  the  boundary 

between the quadrat and the vegetation (as shown in a previous test survey). 

The quadrats were georeferenced with a dual‐frequency differential high‐precision 

Global Navigation Satellite System (GNSS) antenna (NovAtel GPS‐702‐GG) in Real Time 

Kinematic (RTK) mode with fixed‐station corrections using the RENEP network. These 

quadrats also served as Ground Control Points (GCP), placed next to 8 additional equally 

georeferenced GCP to enhance orthomosaic geometry and geolocation precision during 

imagery processing (Section 2.4). 

 
(a)  (b)  (c) 

Figure 3. Fieldwork: placement of a quadrat on a C. edulis patch (a), with other vegetation covers 

visible to the left (various herbaceous species) and in the back (acacia), delimitation of the central 30 

× 30 cm2 area within a quadrat for AGB removal (b), and the lower layer of brown parts of C. edulis 

exposed after removal of the upper green layer (c). 

2.3. Laboratory Work 

In  the  lab,  the C.  edulis AGB  collected  in  each  sample  quadrat was processed  to 

separate  the upper green and succulent  layer—which absorbs and reflects  the sunlight 

and is visible in the aerial images—from the lower layer, composed of much dryer parts 

with older brown  and dry  leaves  that are not visible  in  the  aerial  images. Then,  each 

sample’s green and brown parts were  labelled and weighed  (to  the nearest 0.01 g),  to 

obtain the upper‐ and lower‐layer’s wet weight (WW), and subsequently dried for seven 

days at 60 °C to a constant weight to obtain both layers’ Dry Weight (DW). 

These weight measurements were used to (i) assess the biomass ratio between the 

green  and  brown  parts  of  the  plants—necessary  for  estimating  the  total  biomass,  (ii) 

compare the DW and WW, and (iii) relate biomass with VIs (Section 2.4). 

2.4. Image and Biomass Analyses 

Multispectral  and  RGB  orthomosaics  were  built  using  Agisoft  Metashape 

Professional (version 1.8.3). The higher‐resolution RGB ortho was only used to visually 

evaluate the  land cover. The multispectral ortho was used to obtain VIs, which will be 

used later to assess their correlation with the measured DWs. 

Maps of 16 previously evaluated VIs [13] (Table 2) were computed in QGIS (version 

3.22.7) and the mean VI value was determined for the pixels of each 30 × 30 cm2 sample 

area. 
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area within a quadrat for AGB removal (b), and the lower layer of brown parts of C. edulis exposed after
removal of the upper green layer (c).

2.3. Laboratory Work

In the lab, the C. edulis AGB collected in each sample quadrat was processed to separate
the upper green and succulent layer—which absorbs and reflects the sunlight and is visible
in the aerial images—from the lower layer, composed of much dryer parts with older
brown and dry leaves that are not visible in the aerial images. Then, each sample’s green
and brown parts were labelled and weighed (to the nearest 0.01 g), to obtain the upper-
and lower-layer’s wet weight (WW), and subsequently dried for seven days at 60 ◦C to a
constant weight to obtain both layers’ Dry Weight (DW).

These weight measurements were used to (i) assess the biomass ratio between the green
and brown parts of the plants—necessary for estimating the total biomass, (ii) compare the
DW and WW, and (iii) relate biomass with VIs (Section 2.4).

2.4. Image and Biomass Analyses

Multispectral and RGB orthomosaics were built using Agisoft Metashape Professional
(version 1.8.3). The higher-resolution RGB ortho was only used to visually evaluate the
land cover. The multispectral ortho was used to obtain VIs, which will be used later to
assess their correlation with the measured DWs.

Maps of 16 previously evaluated VIs [13] (Table 2) were computed in QGIS (version
3.22.7) and the mean VI value was determined for the pixels of each 30× 30 cm2 sample area.

Table 2. Vegetation indices formulas used in this work.

Index Formula References

Atmospherically Resistant Vegetation
Index (ARVI)

NIR−(Red−Blu)
NIR+(Red−Blu)

[24]

Green Chlorophyll Index (GCI) NIR
Red − 1 [25]

Chlorophyll Vegetation Index (CVI) NIR×Red
Gre2 [26]

Difference Vegetation Index (DVI) NIR− Red [27]

Green Difference Vegetation Index (GDVI) NIR− Gre *

Enhanced Normalized Difference Vegetation
Index (ENDVI)

(NIR−Gre)−2Red
(NIR−Gre)+2Red

[28]

Excess Green (ExG) 2Gre− Red− Blu [29]

Excess Red (ExR) 1.4Red− Gre [30]

Green Normalized Difference Vegetation
Index (GNDVI)

NIR−Gre
NIR+Gre [31]

Modified Green Red Vegetation Index (MGRVI) Gre2−Red2

Gre2+Red2 [32]
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Table 2. Cont.

Index Formula References

Normalized Difference Red Edge Index (NDREI) NIR−RDG
NIR+RDG [33]

Normalized Difference Vegetation Index (NDVI) NIR−Red
NIR+Red [29]

Photochemical Reflectance Index (PRI) Gre−Blu
Gre+Blu [34]

Red–Blue difference (RB) Red− Blu *

Renormalized Difference Vegetation
Index (RDVI)

NIR−Red√
NIR+Red

[35]

Ratio Vegetation Index (RVI) Red
NIR [36]

Bands: Blu—Blue; Gre—Green; RDG—Red Edge; NIR—Near Infrared. * Experimental Indices tested in this study.

The mean VI values of each of the thirty 30 × 30 cm2 samples were subsequently
plotted against the DW values of the green parts of the plants (because the multispectral
images capture only the reflectance of the top layer of C. edulis). The following models for
estimating the DW from the different VIs were fitted and evaluated based on their R2 and
p-value:

Linear model (lin) y = a + bx

Exponential model 1 (xpo1) y = abx

Exponential model 2 (xpo2) y = aexb

where:

y = Dry Weight (DW);
x = Vegetation Index (VI);
a = coefficient 1;
b = coefficient 2.

To evaluate the total area of C. edulis cover, different supervised classification proce-
dures were executed with the multispectral orthomosaic, using five algorithms: Minimum
Distance [37], Maximum Likelihood [37], Spectral Angle Mapper [38], Support Vector Ma-
chines [39], and Random Forest [40]. The number of cover classes for the classifications was
determined by visual identification of the most relevant cover types in the study area, and
thirty Regions of Interest (ROI) were created for each class (Figure 4c). It is important to state
that, in a first approach, the AGB sample areas were used as C. edulis classification training
areas, but this did not lead to good classification results for two reasons: (i) the spectral signa-
ture of the areas had a high Standard Deviation, which made it hard to differentiate C. edulis
from green vegetation and (ii) some of the sample areas presented very sparse vegetation,
which was intentional, as sampling was designed to include samples for the lower end of the
AGB x VI regression. This approach was later discarded, and thirty homogeneous ROIs were
created close to the sample areas, with visual identification support.

Classification accuracy was assessed based on a large set of randomly selected pix-
els, for which the ground truth class was visually identified in the high-resolution RGB
orthomosaic. Validation pixels were then compared with the supervised classification class,
computing an error matrix for each classification. The number of pixels for the random-
pixel accuracy test was defined based on the proportion of each class and the expected
standard deviation of each class [41] according to the following equation:

N = (
6

∑
i=1

(WiSi)/S0)

2

(1)

where:
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N = Number total number of pixels;
Wi = mapped area proportion of class I;
Si = standard deviation of stratum I;
S0 = expected standard deviation of overall accuracy.
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The different classifications were evaluated in terms of overall accuracy (OA), cal-
culated by dividing the total number of correctly classified pixels by the total number of
selected pixels; the Kappa statistic, which measures the agreement between classification
and ground truth pixels—where Kappa = 1 means a perfect agreement while Kappa = 0
means a random agreement; the User Accuracy (UA) for the C. edulis class, calculated by
dividing the number of correctly classified C. edulis pixels by the total number of pixels
classified as C. edulis; and the Producer Accuracy (PA) for the C. edulis class, calculated by
dividing the number of correctly classified C. edulis pixels by the number of pixels known
to be of C. edulis.

A post-classification procedure was then performed to reduce the existence of small
erroneously classified pixels by using two sieve filters of progressive strength to reduce the
number of small patches of incorrectly classified pixels (considered noise). The sieve filter
removes all pixel groups smaller than a specified size (threshold), replacing them with their
largest neighbouring class. Two filters were applied, one considering the neighbourhood of
the 4 pixels on the edges of the selected pixel, and another considering the neighbourhood
of the 8 pixels connected to the edges and vertices of the selected pixel. Progressively larger
areas were considered, removing polygons of increasing (doubling) size at every interaction
(1, 2, 4, 8, 16, . . . , 2048) until the accuracy of the classification stopped increasing and started
to decrease due to the loss of relevant information. The total cover area of C. edulis was
then obtained using the land cover classification with the highest C. edulis UA and PA, after
application and optimisation of the filter.

The total C. edulis AGB was estimated based on: (i) the pixels’ VI values in the area
classified as C. edulis; (ii) the regression model correlating the VI value with the DW of the
AGB of C. edulis; (iii) the relationship between the DW and WW; and (iv) the ratio between
the WW of the green and brown parts of the plants. For the biomass estimation, each C. edulis
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pixel VI value was converted into AGB DW using the regression model. Then, the WW was
estimated based on the DW. Finally, the green/brown parts ratio was used to add an estimate
for the AGB of the lower-layer brown parts.

3. Results
3.1. Surveys and Classification

Six significant classes could be visually identified in the resulting images: Water, Dry
Sand, Wet Sand, C. edulis, Dry Vegetation, and Green Vegetation. Dry vegetation and Green
Vegetation included all the vegetation species found in the area that were not identified as
C. edulis. The mean spectral signature of each class is shown in Figure 5.
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The five supervised classification algorithms resulted in different cover classifications,
with varying proportions of the target species C. edulis (Figure 6).
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According to Equation (1), 600 randomly selected pixels were evaluated for an accuracy
assessment, for 518 of which the cover could be clearly identified. The accuracy of each
classification is presented on Table 3.
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Table 3. Accuracy evaluation of the classification algorithms.

Algorithm C. edulis PA * C. edulis UA * Kappa Overall Accuracy

Minimum Distance 0.65 0.72 0.76 0.80

Maximum Likelihood 0.74 0.60 0.80 0.84

Random Forest 0.83 0.73 0.84 0.87

Spectral Angle Mapper 0.79 0.66 0.76 0.77

Support Vector Machine 0.81 0.67 0.82 0.85
* UA—User Accuracy; PA—Producer Accuracy.

The Random Forest algorithm achieved higher overall accuracy, Kappa, and C. edulis
UA and PA values and was selected for post-processing.

In the post-processing procedure, the use of the sieve filters showed a continuous
improvement in classification User’s and Producer’s accuracy, up to a threshold of 512
pixels. After this, accuracy dropped, suggesting a loss of information (Figures 7 and 8).
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The C. edulis cover area was estimated using the classification filtered with a 512
threshold and a connectedness of eight squares. According to the classification, 3821 m2—
i.e., about 12%—of the study area was covered with C. edulis; on the reference raster, the
estimated C. edulis cover area was 3362 ± 219 m2. The detailed classification results are
presented in Table 4.

Table 4. Area-based classification error matrix.

Reference

Water C. edulis Sand Wet Sand Dry
Vegetation

Green
Vegetation % Area Total

Area m2

C
la

ss
ifi

ed

Water 0.198 0.000 0.000 0.005 0.000 0.002 20.5 6300
C. edulis 0.000 0.099 0.000 0.000 0.004 0.021 12.4 3821

Sand 0.000 0.002 0.164 0.006 0.009 0.000 18.1 5565
Wet Sand 0.005 0.000 0.003 0.097 0.002 0.000 10.7 3279

Dry Vegetation 0.000 0.002 0.015 0.006 0.163 0.017 20.3 6242
Green Vegetation 0.000 0.006 0.000 0.000 0.006 0.168 18.0 5540

% Area 20.3 10.9 18.2 11.4 18.5 20.8 100
Total Area m2 6232 3362 5596 3497 5673 6387 30,748

Standard Error m2 148 219 245 214 319 290
Producer Accuracy 0.98 0.91 0.90 0.85 0.88 0.81

User Accuracy 0.97 0.80 0.91 0.91 0.80 0.93

3.2. Biomass Estimation

Sample wet and dry weights for the green and brown parts of the collected C. edulis
plants are presented in Table 5.

Table 5. Summary statistics of C. edulis sample wet weights and dry weights for the plants’ green and
brown parts.

Green Brown

WW (g/m2) DW (g/m2) WW (g/m2) DW (g/m2)

Maximum 27,120 2860 3650 2637

Minimum 1781 421 117 60

Mean 8912 1188 1093 680

Median 8035 1034 642 370

SD 6175 657 1052 687

To estimate the proportions of the WW of the Green (WWgreen) and Brown plant parts
(WWbrown), a simple average ratio was calculated using all the samples—being the mean
ratio WWgreen/WWbrown = 15.9. The relationship between the WW and DW of the Green
parts was clearly linear, with a mean ratio WWgreen/DWgreen = 7.0.

The relationships between the sample’s DW and the sample area mean values for the
16 VIs are presented in Table 6. For each VI, the best DWgreen—VI regression model is
shown. Regression models for the DW of the brown parts were not significant for any of
the indices (p-values > 0.05) All DWgreen—VI regressions were significant (p-value < 0.05),
except CVI (p-value = 0.3183).
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Table 6. Ranking of the best DWgreen—VI regression models for each VI, with respective R2 and
model type.

Ranking VI R2 Model

1 RDVI 0.86 y = abx

2 GDVI 0.84 y = aexb

3 DVI 0.84 y = aexb

9 RVI 0.81 y = aexb

10 GCI 0.80 y = aexb

11 ENDVI 0.80 y = abx

12 NDVI 0.79 y = abx

13 PRI 0.79 y = abx

14 GNDVI 0.78 y = abx

22 MGRVI 0.72 y = abx

23 ARVI 0.71 y = abx

25 ExR 0.70 y = abx

33 RB 0.62 y = aexb

34 ExG 0.62 y = abx

36 NDREI 0.59 y = abx

46 CVI 0.00 y = a + bx

The Renormalized Difference Vegetation Index (RDVI) presented the best relationship
between the samples’ DWgreen and the mean VI value for the sample areas (Figure 9). The
RDVI was therefore used to estimate the total C. edulis biomass in the study area, computing
the DWgreen for all pixels classified as C. edulis.
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Application of the regression model to the 3821 m2 of C. edulis resulted in an estimated
4431 kg of DWgreen. Then, this value was converted to WWgreen using the above-mentioned
WW/DW ratio of 7.0, resulting in 31,313 kg of WWgreen. Finally, the total AGB of C. edulis in
the area was estimated using the WWgreen/WWbrown ratio of 15.9, which resulted in 32,967 kg
of aerial parts of the invasive species in the study area, corresponding to an average AGB of
8.6 kg/m2 of C. edulis cover.

4. Discussion

The use of multispectral UAS for identifying and monitoring invasive species is a well-
known technique that has been evaluated for different species and ecosystems [42–45]. Besides
this, UAS have also played an important role in commercial crop yield estimation [46–49]. More
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recent studies have successfully integrated species identification with yield estimations to assess
the Above-Ground Biomass (AGB) of vegetation using multi/hyperspectral UAS [50,51].

In this study, the identification of C. edulis through supervised classification of multispec-
tral UAS imagery produced a satisfactory result (C. edulis PA = 0.91 C. edulis UA = 0.80, kappa
= 0.87, OA = 0.89—see Table 4) if compared to similar studies [52–54]. The extra red-edge and
near-infrared bands (next to the standard red, green, and blue) of the multispectral imagery
allow a better classification and the calculation of VIs that can be used to assess vegetation
traits, condition, and biomass [13,55,56]. This is evident in Figure 4, where—even though the
mean spectral signatures for the classes C. edulis and “green vegetation” present some overlap,
especially in the visible spectrum—the red-edge and near-infrared bands are sufficiently
distinct to clearly discriminate between these two (see Table 4).

For the estimation of the plant biomass, the RDVI performed best. The regres-
sion model of the mean RDVI and DWgreen provided a satisfactory result (R2 = 0.86,
p-value < 0.05, NRMSE = 0.09). Many studies have achieved promising results using the
NDVI to evaluate different quantifiable vegetation attributes [57–61]. As a result, NDVI
has become the dominant index for vegetation research [62]. However, in this study, NDVI
only ranked as the seventh-best model for DW prediction (Table 6). This result is in line
with other findings that suggest that different VIs may present a better correlation with
vegetation AGB or other attributes than the commonly used NDVI [58], depending on the
specific research subject and conditions. Developing a specific methodology to test the
accuracy of different VIs as predictors of vegetation attributes is a topic that still needs
research and must cover a wide range of variables such as species, surrounding terrain, and
weather and light conditions [55]. Furthermore, the morphology variability of vegetation
species in nature poses an additional challenge for finding a universal correlation between
image data and quantifiable attributes of vegetation species in general. Consequently, a
possible correlation between plant AGB and VI must be investigated case by case [58].

Even though this study achieved a good result for the prediction of DWgreen using
VIs, some uncertainties are associated with calculating the total AGB. Next to the well-
known classification and regression model uncertainties, it is crucial to also consider other
uncertainties that could not be quantified. For example, the WW–DW ratio has a linear
correlation, and a mean ratio can be considered a good approximation. Still, this involves
many variables that change spatially and temporally. For example, some plants might be in
more humid places than others and be in different life stages, which may change the ratio.

An even more accentuated uncertainty was specific to the morphology of C. edulis, which
develops two layers: an upper succulent green layer and a drier brown layer. This particularity
can be a challenge for estimating the AGB for a generic location based on a model. There was
no clear relationship between DWgreen and DWbrown and all regression models presented a
p-value > 0.05, so a simple average was used as the best possible estimate of the ratio between
layers; besides, it is possible to conjecture that this ratio can be affected by many variables,
such as plant age, growth rate, decay velocity, seasonality, and water and light availability.
The distinction between vegetation covers may be more or less successful depending on the
season and state of the plants, and the spectral signatures are likely not completely transferable
from one season to another or even from one region to another. In the present work, the
survey took place in spring, before flowering—as flowers were thought to negatively affect
classification results and biomass estimation through VIs. However, a recent study by Innangi,
M. et al. [63] that classified C. edulis during the flowering season showed that flowers do not
have a significant impact on image classification.

Estimating the AGB of C. edulis plays an important role in invasive species control, as
the estimated biomass serves as an input for planning and implementing removal campaigns.
However, the methodology applied in this study can also be used to estimate other plant
species’ AGB and even to estimate the total carbon content in habitats with a given biomass–
carbon correlation. Furthermore, it would be interesting to investigate the possibility of
creating a general model for C. edulis VI–DW prediction. Therefore, many additional tests
would need to be performed to evaluate possible patterns relating VIs with AGB, using the
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same methodology as in the present study. Further investigations could also address the use
of VIs to optimize land cover classifications, assessing the capability of VIs to provide a better
identification of C. edulis. Other relevant research might include the applicability and accuracy
of this methodology using imagery with lower resolutions, such as aerial photography from
planes or satellite images, to monitor C. edulis’ distribution and biomass.

Finally, it is interesting to notice that the same UAS multispectral images used to
monitor C. edulis in this study can also provide valuable information for other coastal
environment monitoring, such as coastal dune evolution/erosion [64], different vegetation
species monitoring [65], and litter mapping and identification [66,67]. The possibility of
the multipurpose use of UAS data can optimize data acquisition and, sometimes, provide
synergies for different investigations using remote sensing multispectral tools.

5. Conclusions

The present study showed the possibility of using VIs to estimate the AGB of C. edulis
based on high-resolution multispectral images to monitor this invasive species’ dispersion
and level of intrusion in coastal sand dunes. Even though some uncertainties linked to
this specific species’ morphology have to be considered, the methodology can provide
valid estimates of its degree of invasion and, consequently, indicates the amount of work
necessary to remove the invasive species from an invaded area.

Of the sixteen VIs evaluated, the RDVI presented the best correlation with DW in this
study. Considering the many differences between plant species, VI–DW models should
be investigated case by case, to understand the individual relationships and find the most
suitable model and VI for each specific species.
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