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Abstract: Freshwater ecosystems host high levels of biodiversity but are also highly vulnerable to
biological invasions. Aquatic Invasive Alien Plant Species (aIAPS) can cause detrimental effects on
freshwater ecosystems and their services to society, raising challenges to decision-makers regarding
their correct management. Spatially and temporally explicit information on the occurrence of alAPS
in dynamic freshwater systems is essential to implement efficient regional and local action plans. The
use of unmanned aerial vehicle imagery synchronized with free Sentinel-2 multispectral data allied
with classifier fusion techniques may support more efficient monitoring actions for non-stationary
alAPS. Here, we explore the advantages of such a novel approach for mapping the invasive water-
hyacinth (Eichhornia crassipes) in the Cavado River (northern Portugal). Invaded and non-invaded
areas were used to explore the evolution of spectral attributes of Eichhornia crassipes through a time
series (processed by a super-resolution algorithm) that covers March 2021 to February 2022 and to
build an occurrence dataset (presence or absence). Analysis of the spectral behavior throughout the
year allowed the detection of spectral regions with greater capacity to distinguish the target plant
from the surrounding environment. Classifier fusion techniques were implemented in the biomod?2
predictive modelling package and fed with selected spectral regions to firstly extract a spectral
signature from the synchronized day and secondly to identify pixels with similar reflectance values
over time. Predictions from statistical and machine-learning algorithms were ensembled to map
invaded spaces across the whole study area during all seasons with classifications attaining high
accuracy values (True Skill Statistic, TSS: 0.932; Area Under the Receiver Operating Curve, ROC:
0.992; Kappa: 0.826). Our results provide evidence of the potential of our approach to mapping plant
invaders in dynamic freshwater systems over time, applicable in the assessment of the success of
control actions as well as in the implementation of long-term strategic monitoring.

Keywords: aquatic biological invasions; multispectral; modelling; remote sensing; spectral reflectance

1. Introduction

Biological invasions are a major threat to biodiversity worldwide [1] and are identified
as one of the main pressures on ecological values [2]. The expansion of aquatic Invasive
Alien Plant Species (hereafter alAPS) triggers complex and cumulative impacts on native
biodiversity [3], human health [4], economic activities [5], and an overall decrease in
ecosystem services and nature contributions to people [6]. Although the impacts of alAPS
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are well studied by the scientific community [4-6], the number of habitats and locations
threatened by their presence continues to increase [7].

Fluvial ecosystems suffer multiple anthropogenic pressures (e.g., dam and weir con-
struction and diffuse pollution) leading to hydrological alterations (e.g., dissolved oxygen
levels, light penetration, or flow velocity), which can promote irreversible changes in native
species richness and composition [8,9]. Monitoring water systems is a required process to
prevent and mitigate large-scale expansion and impacts associated with alAPS [10]. Al-
though monitoring water systems often entails high costs (e.g., human training, equipment,
and field surveillance) and efforts (e.g., over large areas, complex vegetation cover, and
inaccessible areas) when considered at early stages of the invasion process, it allows the
early detection of alAPS and consequent prevention of the irreversible changes that their
spread could lead to [11]. Nonetheless, alAPS are frequently best detected when they are
vastly spread, having become hard to eradicate due to their high plasticity and lack of
natural competitors.

The spread of alAPS in rivers is usually exponentiated by anthropogenic and hy-
drological disturbances and are generally located at lower altitudes where rivers widen
and more light is accessible at the water surface [10]. Moreover, these areas are also used
for economic and recreational activities that (in)directly depend on “healthy” water bod-
ies. In order to support alAPS management interventions (e.g., control, removal), local
decision-makers need a better understanding of alAPS species” dynamics over time and
space [12,13]. Remote sensing (RS) platforms offer valuable tools for the detection and
monitoring of alAPS and ultimately for shaping and optimizing efficient strategic and
operational management of alAPS [14,15]. Additionally, RS satellite platforms offer re-
peated and standardized imagery over the same area along the time, allowing the study
of spatiotemporal patterns of alAPS [3,16]. The Copernicus mission, developed by the
European Space Agency, provides free-of-charge satellite image collections, from optical
to radar observations. Sentinel-2 multispectral optical images present us with promising
opportunities for studying vegetation and, in particular, for detecting alAPS [17-19]. Plants
hold distinct phenologies, hence different leaf density rates and chlorophyll contents that
result in electromagnetic reflectance variations over time and space. These differences are
more pronounced in alien plants, which usually stand out from the autochthonous flora
due to their physiology [20,21].

However, due to the relatively low spatial resolution of free satellite imagery, the use
of such types of data has prevailed over large areas in natural or artificial great lakes [11,20],
with less complex fluid dynamics than rivers allowing floating macrophytes to remain
geographically stable without being dragged downstream by the current [3]. To overcome
the limitations of sensor resolution and the high cost needed to update equipment orbiting
space, powerful tools for image super-resolution based on pre-trained deep learning neural
networks are increasingly being developed and improved, transforming imagery with
coarse resolutions into a finer resolution, which allows enhancing the information registered
by the sensors [22]. The increasing accessibility of Unoccupied Aerial Vehicles (UAVs) also
allows improvements over satellite-derived data in alAPS detection by producing highly
detailed orthomosaics of ultra-high spatial resolution enabling the identification of invaded
spaces with great reliability [23]. As such, the combined use of satellite and UAV imagery
emerges as a promising opportunity to monitor alAPS. When timely synchronized, the
combined approach enables the identification (with high confidence) of target invasive
species, minimizing the risk of using erroneous spectral information (e.g., due to plant
displacement caused by river currents) [24-26].

Complementarily to advances in RS, the increased availability and ease of implementa-
tion of statistical and machine-learning algorithms further allow an in-depth interpretation
of the spectral information recorded in RS imagery. The package biomod?2 [27] is a platform
implemented in R well-known and frequently used by the scientific community that can
combine different modelling/classification techniques in a final consensus model that
discriminates the presence/absence of a species across space [28]. The biomod?2 frame-
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work can be applied to perform pixel-based supervised classification through an ensemble
approach, “classifier fusion” [29]. Therefore, it can be used as a suitable multi-classifier
stacking ensemble that standardizes the uncertainty present in the individual models and
determines a general prediction consistent with all classification methods [30,31]. Another
advantage of biomod2 for alAPS mapping is its ability to run non-parametric models that,
unlike parametric models, can assume that a pixel is a mixture of features and sub-divide
each one to increase spectral variance inside and between pixels [32].

The ability to explore all spectral regions of Sentinel-2 with the same resolution,
combined with precise geopositioning data from UAVs and allied with processing abilities
of semi-automatic classification techniques, makes it possible to use multispectral imagery
to generate valuable information for the management of invasions considering short and
long-term monitoring time frames [33,34]. This is possible due to the model’s ability to deal
with large amounts of information and identify relationships between the input variables
(spectral variables) and species occurrence data. The execution of these techniques allows
policymakers to aggregate specific and local knowledge along the river to understand
which spaces are more prone to invasion, spread velocity throughout the year, and early
signs of necessity to anticipate measures of control or mitigation [9].

In this study, we developed and tested a methodological novelty framework for
monitoring a river body invaded by alAPS by combining UAVs for high-precision mapping
(5 cm/pixel) and collections of multispectral data processed with classifier fusion techniques
that map and identify the spectral regions of the Sentinel-2 sensor most capable of detecting
invaded spaces as well as define optimal time frames. This study contributes to the
development and optimization of methodologies for monitoring alAPS [22,32,35,36], using
Eichhornia crassipes (Mart.) Solms (hereafter E. crassipes) in dynamic rivers as a test case.

2. Materials and Methods
2.1. General Workflow

This study follows the main workflow described in Figure 1. In Step 1, field data were
collected using a UAV to obtain a georeferenced orthomosaic of invaded spaces. The flight
was performed on the 13 November 2021 (the collection date is important for subsequent
steps, where the UAV data is timely synchronized with the Sentinel-2 imagery). The main
objective of this step was the collection of data on two test sample areas that could allow
the testing of two questions: (1) if there is spectral separability between E. crassipes and the
other components of its habitat, and (2) if registered spectral information can be used to
map and monitor E. crassipes.

In Step 2, Sentinel-2 time series were retrieved and processed with a super-resolution
algorithm (DSen2) to standardize the spectral resolution. This algorithm enhances the
potential of Sentinel-2 imagery by upscaling the lower-resolution regions of the electromag-
netic spectrum covered by this sensor to 10 m resolution.

In Step 3, the first test sample of pixels (henceforward TS1) obtained in Step 1 was used
to understand whether there are regions of the electromagnetic spectrum where E. crassipes
reflectance patterns are distinct from the surrounding environment. Studying the spectral
behavior of alAPS along the temporal space can be challenging, especially regarding
floating species that are frequently washed away by the river current. To overcome this
challenge, geographically static areas are necessary, so an ever-invaded area (Figure 2B)
was used to study the spectral behavior of the target species.

An image classification model was developed in Step 4, using the R package biomod2
and taking advantage of its classifier fusion approach that results in a final consensus model
by considering several classification methods. This step is unfolded in two subsequential
steps: In Step 4a, the second test sample obtained in Step 1 (henceforward TS2) was used to
record “presence” and “absence” training areas, with the selected spectral regions defined
in Step 3 being considered as predictor variables. In Step 4b, the spectral response recorded
on 13 November for the defined regions of the electromagnetic spectrum (spectral signature)
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was then used in the rest of the imagery collection to detect pixels with identical spectral
behavior to the one registered, enabling the mapping of E. crassipes invasion over time.

STEP 1 STEP 2 STEP 3
Field data acquisition Satellite image acquisition and Spectral analysis
processing
faai ) TS1
Vectorization: 4 Time series: : .
M TS1 - Spectral analysis +5 Mar 2021/ Feb 2022 ‘ Dpas /f;; gl clea:
TS2 - Training areas n= 18 images ; Woodstress '
High precision orthophotomap of Super-resolution multispectral Identification of spectral
invaded area uniformization separability
STEP 4 STEP 4a STEP 4b

biomod2 tunning Imagery synchronization

Temporal assessment

. Inclusion of TS2 areas and 2 i
el o selected variables il - copdiiogal
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synchronized) through time series
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Figure 1. General workflow proposed for E. crassipes mapping with the methodology applied divided
into sequential processing steps.
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Figure 2. Location of the river system targeted in this study and the location of the study area
location (A). The figure also shows a UAV orthophoto map of an invaded space that supports the
delineation of pixels representative of E. crassipes reflectance (B).
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2.2. Study Area

Located in the northern hemisphere of Northwestern (NW) Portugal, the study area
has a temperate climate with dry and mild summers (Csb type, according to the Képpen
and Geiger classification of climate systems) [37]. Characterized by the presence of discon-
tinuous patches of E. crassipes, which throughout the summer (June to August) and autumn
(September to November) have strong impact on riverine ecology and human activities, the
study area extends from the Canigada dam (41°39'N, 8°14’W) to the mouth of the Cavado
River, covering a total of 60 km and an area of 548 ha (Figure 2). It is an elongated river
with a transversal profile of narrow valleys (characteristic of a mountain river) progressing,
after the Canigada dam, from gradually opening valleys to flat valleys with higher levels of
solar exposition and lower flow velocity due to the river’s meandering.

2.3. Target Species

The E. crassipes (common name: water hyacinth) is an aquatic invasive plant species
listed in the Portuguese Decree-Law n°® 92/2019 of 10 July and in the European Union Reg-
ulation 1143 /2014 of the European Parliament and of the Council of 22 October 2014 [38].

As a perennial and herbaceous weed, it reproduces both sexually (seeds) and clonally
(vegetative parts). Seeds can be dormant for several years in the hydro soil and germinate
in favorable conditions, generating a constantly evolving gene pool [35,36]. The ability
to create dense light-excluding canopy layers on the water surface and to vegetatively
disperse over a wide area leads to several impacts on fluvial ecosystems (see Figure 3).
Once introduced, the species is very difficult to manage and can hinder riverside activities,
increase water loss, create hypoxic and hypercarbic systems [39,40], and decrease the
overall landscape visual quality.

Figure 3. Illustration of E. crassipes invasion process. (a) establishment in a new area; (b) plant
reproduction creates dense mats on the surface, blocking light and decreasing dissolved oxygen;
(c) primary producers are affected, as well as trophic chains, promoting lifeless spaces.

The morphology of E. crassipes is closely related to the availability of light, pointed
out as a significant morphogenetic factor. When plants are sparsely distributed and have
short, inflated petioles, mature leaves do not shade the shoot apex and expanding leaves.
However, as crowding increases, the decrease in light stimulates the production of leaves
with long narrow petioles that elevate laminas above the existing canopy [41]. The increase
in leaf length directly expands the plant surface area and the reflectance levels, ultimately
making monitoring with RS techniques easier.

2.4. Occurrence Data

The delimitation of training areas is crucial for obtaining accurate results. A field
survey was conducted to assess invaded areas and obtain aerial images with a UAV on
13 November 2021 (Step 1).

One DJI Mavic Pro was set to fly at 70 m, and an overlay per image of 80% was
considered to collect imagery that enabled the creation of an orthophoto map (5 cm pixel)
with the 3D photogrammetry software Agisoft Metashape (version 1.7.3).

The orthophoto map supported the definition of target areas, which were defined as
TS1 (n = 15) and consisted of 5 areas per main occupation class (i.e., water, E. crassipes, and
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woody trees) containing 2 to 5 pixels each (Figure 2A), and the digitalization of all presence
areas detected in the orthophoto, defined as TS2 (n = 42). Absence areas (1 = 97) were
implemented across all invaded areas to ensure a representative distribution of training
areas using an open-source base map.

2.5. Remote Sensing Data

Sentinel-2 satellite has a revisit time of approximately two to three days for our study
area. The L2A imagery, collected from both Sentinel-2 A and B, covered the period from
20 March 2021 to 2 February 2022, comprising 18 images with low levels of cloud cover
along the study area. The imagery was collected through the online platform Coperni-
cus Open Access Hub. Each image was pre-processed with the DSen2 super-resolution
algorithm [42], resulting in 12 bands per image (Step 2).

The delimitation of the study area with a 10 m buffer around the river margins allows
computational gains by reducing the total number of pixels analyzed and the types of land
occupations to mainly riparian woody trees, water, and our target species.

In total, 216 variables were collected (n = 18 x 12). This information was used to
compare the target species and the surrounding environment through the average of
reflectance values across the spectral regions registered as TS1 pixels (Step 3).

2.6. Multi-Algorithm Supervised Classification

The biomod2 (version 3.5.1) software package is a platform implemented in R that
allows the user to evaluate and combine different modelling/classification techniques
based on statistical and machine-learning algorithms.

The biomod2 workflow (Step 4) was implemented with 30 modelling rounds for several
classifiers: Random Forest (RF), Generalized Linear Model (GLM), Flexible Discriminant
Analysis (FDA), Artificial Neural Network (ANN), MAXENT. Phillips 2 (MAX. 2), and
Classification Tree Analysis (CTA). To evaluate the overall performance of the classifiers,
we calculated the True-Skill Statistic (TSS), Cohen Kappa (KAPPA), and the Area Under the
Receiver Operating Curve (ROC).

Although each statistical model provides a different perspective on performance,
TSS and Kappa are threshold-dependent measures that take into account the number
of correctly classified presences and absences relative to a threshold, whereas ROC is a
threshold-independent measure that evaluates the final result as a continuous value within
the [0, 1] range and is more prone to overestimation of the classifier’s performance.

Both TSS and Kappa measures vary from [—1, 1] and can be used to obtain a binary
outcome (species presence: 1; absence: 0) through the application of a numerical threshold;
however, kappa is also sensitive to class imbalance once it considers both true positives
and true negatives separately instead of measuring an overall agreement between observed
and predicted classifications.

This makes TSS a more reliable metric in cases where a high sensitivity (proportion of
observed presences correctly predicted) is more important than a high specificity (propor-
tion of observed absences that are correct) such as in the case of invasive plants (better a
false positive than false negative). A classifier fusion model was obtained by calculating the
weighted mean of the True-Skill Statistic (TSS) performance score of all partial classifiers
and applying the rule of TSS > 0.8.

Finally, to convert the model result from probability /suitability to a binary outcome,
we applied a numerical threshold that maximizes the TSS score [29]. Values close to the TSS
cutoff were considered pixels with very low spectral similarity to E. crassipes, in opposition
to values close to the maximum (1000), which were considered to have very-high spectral
similarity to E. crassipes.

Once the pipeline was implemented, the selected variables and training set TS2 were
processed through biomod2 to extract firstly a spectral signature of the target plant base on
the spectral information captured on the synchronized day (13 November 2021) (Step 4a),
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and secondly, to map through the collected time series pixels with similar spectral signature
to the ones registered (Step 4b).

3. Results
3.1. Spectral Analysis and Separability of E. crassipes through Time

The results show that riverbank riparian trees had a higher spectral reflectance during
the summer (close to the peak of the growing season) that decreases through autumn and
winter (December to February) due to the senescence process. Water reflectance also had
an expected behavior, maintaining low and constant reflectance values except in February
due to the severe drought that decreased the river flow (Figure 4).

12 August 2021

Water hyacinth

13 November 2021

3000
2500
2000

1500

1000

b6 b7 b8 b8a b9 bll bi2 bl b2 b3 b4 b5 b6 b7 b8 b8a b9 bll bil2

Figure 4. E. crassipes spectral profile and average of its reflectance evolution through time (at orange)
compared to riparian woody trees (green) and water (blue) along the multispectral bands of Sentinel-2.

For TS1 E. crassipes areas, a gradual increase in the reflectance values was registered
during spring and summer, with the highest reflectance levels registered in November, in
contrast to the leafless riparian forests.

Spectrally, our results show that the spectrum between wavelengths 0.443 um (band 1)
and 0.665 um (band 4) and at 2.190 pm (band 12) had a poor ability to distinguish E. crassipes
from other riparian vegetation. During most of the year (except for moments when the
growth or decay of the E. crassipes’ reflectance coincides with the one from riparian woody
trees), the spectrum between 0.740-1.610 pm (band 5 to band 11) presented a higher
spectral separability.

3.2. Classification Algorithms Performance

The performance of the considered models showed moderate (0.6 < 0.7) (e.g., CTA
and FDA) to very good (>0.8) (e.g.,, GLM and MAX.2) average scores for all evaluation
statistical algorithms used. On average, across all partial classifiers, scores with 0.76 for
TSS, 0.69 for ROC, and 0.90 for KAPPA were presented.
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Although GLM and MAX.2 were the only models performing with a TSS score > 0.8,
the partial classifier ANN and RF evaluations scores fall closely to the approved range (see
Table 1).

Table 1. Results of the evaluation scores for the test set TS2 by the classification algorithm. Values
show the average and standard deviation for each performance measure: TSS—True Skill Statistic;
ROC—Area Under the Receiver Operating Curve; KAPPA—Cohen’s Kappa.

TSS ROC KAPPA

Classification Standard Standard Standard
Algorith andar andar andar

gorm Average Deviation Average Deviation Average Deviation
RF 0.777 0.146 0.697 0.135 0.891 0.091
GLM 0.846 0.121 0.747 0.132 0.956 0.041
FDA 0.674 0.224 0.639 0.151 0.885 0.116
ANN 0.787 0.142 0.698 0.128 0.913 0.081
MAX.2 0.831 0.092 0.734 0.138 0.957 0.032
CTA 0.628 0.157 0.571 0.139 0.830 0.079

Opverall, the classifier fusion based on biomod2 showed very good performance values
as translated by their sensitivity and specificity (>0.95) for TSS (see Table 2). The ensem-
ble model presented a performance gain for any evaluation metric value compared to
the best partial classification model (i.e., GLM). This result demonstrates the benefit of
fusing multiple classifiers with distinct algorithmic frameworks concerning individual
partial classifiers.

Table 2. Performance evaluation scores for the final ensemble classifier combining biomod?2 algorithms.
TSS—True Skill Statistic ROC—Area Under the Receiver Operating Curve; KAPPA—Cohen’s Kappa.

Classification

Algorithm Testing Cutoff Sensitivity Specificity
KAPPA 0.826 518 78.94 99.49
TSS 0.932 279 97.36 95.85
ROC 0.992 283 97.36 96.23

3.3. Eichornia crassipes Mapping

The classified time series reproduced in a spatially explicit way the growth and decline
of E. crassipes, demonstrating the ability of the methodology to map and monitor the
distribution of this alAPS (Figure 5). Pixels with identical spectral values to the ones
identified in presence areas were spatialized and classified according to their similarity
through the application of the TSS threshold (279).

The ability of E. crassipes to dominate large areas was recorded in the results, where the
expansion process of the target plant over a small trench of the analyzed area is visible. The
mapping timeline shows that as warmer months pass, the invaded area increases rapidly,
keeping rather static during autumn. Conversely, during colder months, at the start of
winter, a decrease in the invaded area can be observed.

The number of pixels classified based on the spectral similarity to the one registered
on 13 November was mapped and counted for the whole study area, and their evolution
through the following months is shown in Figure 6. Each pixel represents an area of 100 m?,
making it possible to estimate the total invaded area.
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Figure 5. Spatiotemporal change over a section of the study area classified according to different
levels of spectral similarity for spaces classified as invaded (the base map in the background also
records the propensity of this space to be invaded).
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Figure 6. Temporal change in the number of pixels classified as invaded by the ensemble clas-
sifier by spectral similarity class. The “very-low” class represents the relatively lowest level of
spectral similarity in relation to training areas, whereas “very-high” comprises the highest level of
spectral similarity.
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For the whole study area, results suggest a lower dispersion of E. crassipes during
winter, a fast growth during spring with a peak in summer, and a progressive slow de-
crease during autumn. The dispersion of pixels reached its maximum on 20 August with
3668 pixels; the lowest dispersion occurred on 20 March with 164 pixels, suggesting a rapid
expansion of E. crassipes.

Although pixels with very low and low spectral proximity made up more than 50%
of the information generated on most days tested, they followed a growth and decrease
pattern identical to the classes with greater spectral proximity, being able to serve as
proxies for the state of E. crassipes spread/growth. Pixels identified with very high spectral
similarity had a maximum (>200 pixels) during September and October.

4. Discussion
4.1. Eichornia crassipes Spectral Reflectance Patterns

The identification and use of specific regions of spectra where a target plant has a
distinct reflectance pattern enables classifier techniques to improve accuracy by being fed
with only relevant information [43-46].

In our study, Sentinel-2’s multispectral data proved to have enough spatial and tem-
poral resolution to detect and map the distribution of E. crassipes in dynamic freshwater
ecosystems [11,43]. For most of the year, E. crassipes had a distinctive spectral reflection
pattern compared to the studied surrounding environment, peaking during the first months
of autumn, which made this period favorable to the detection of our target species.

The spectral information captured the plant’s life cycle, showing increasingly high
reflectance levels as summer weather approached and a decline as winter brought low
temperatures and the plant entered dormancy.

Periods of overlap in the reflectance values happened between riparian woody trees
and E. crassipes during the end of summer and the beginning of spring. A possible explana-
tion for these overlaps is the seasonal variation in reflectance, where at the end of summer
and autumn, riparian woody trees enter a period of senescence, and in contrast, E. crassipes
maintains its photosynthetic activity. In the spring, the opposite happens, with E. crassipes
lowering photosynthetic activity and riparian woody trees increasing.

Spectral information between bands 5 and 11 (0.740-1.610 um) were selected as the
best spectral regions registered by the Sentinel-2 sensor to detect E. crassipess. These
results are not surprising since the ability of the red edge and near-infrared to detect
changes in the physiological and structural characteristics of the vegetation is well known
in the literature [43,44].

Moreover, the Short Wave Infra-Red (SWIR) spectral region (Sentinel-2’s band 11) was
shown to be more sensitive to vegetation variations than SWIR 2 (Sentinel-2’s band 12) [46],
which is used to study mineral content (a reason why it has low spectral separability from
riparian woody trees) [47].

4.2. Predictive Modelling to Detect and Map

Accurate and reliable detection and mapping of invasive species such as E. crassipes
in dynamic freshwater ecosystems provide important spatial and ecological information
for sustainable early detection and consequent design of control measures in management
programs [48,49]. The application of algorithms to map alAPS is an increasingly used tech-
nique [50], but this approach needs computational expertise and knowledge, which creates
difficulties for wide implementation. The use of straightforward modelling techniques,
well established in academic communities and with solid information available, facilitates
the adoption of this process to map alAPS.

The R package biomod2 proved able to produce a classifier fusion final consensus
map useful for regional and local policymakers, who need spatially explicit information
to develop better strategic plants for alAPS management [51,52]. The ability of biomod2 to
incorporate multispectral information in a classifier fusion technique to detect alien species
has been demonstrated before [29]; however, aquatic systems remained unexploited by
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this technique due to intrinsic difficulties of RS in dynamic freshwater systems [34]. The
applied methodology showed that UAVs and Sentinel-2 can be coupled and work in a
complementary framework that can provide more precise spectral information of alAPS.

Among the different model techniques in biomod2, GLM had the best performance.
Although the GLM is simpler in some respects compared to other more complex models
such as neural networks or decision tree models, it is less prone to overfitting and has
a greater ability to generalize [53]. However, the ensemble shows the benefit of fusing
multiple classifiers with distinct algorithmic frameworks by receiving a higher evaluation
than all partial classifiers.

Our results indicate that upstream zones tend to have a very low presence/abundance
of E. crassipes, possibly due to higher speed and considerably smaller river width [10,41]. In
contrast, open valleys, associated with a lower flow velocity and higher incidence of light,
had a higher concentration of areas spectrally similar to invaded ones. As we approach the
river mouth, E. crassipes density decreases, probably due to the increase in water salinity
that acts as a biological barrier to the species [54].

4.3. Limitations and Proposed Advances

The detection of alAPS through RS techniques often relies on the spectral regions with
the best spatial resolution registered on satellite sensors. Nonetheless, the super-resolution
algorithms employed in this study enhanced the potential of spectral regions associated
with lower spatial resolution such as Vegetation Red Edge and SWIR for monitoring aquatic
environments [55]. The study of longer time series processed through super-resolution
algorithms can provide further advances in RS techniques to detect alAPS.

The overall performance of our models suggests that an increase in the areas of
E. crassipes presence can contribute to more spectral variance, which helps acquire more
robust and close-to-reality results. As we move away from the day on which the spectral
signature of E. crassipes was collected, the less robust the model results are, due to sea-
sonal variation in the spectral signature. Caution is warranted in relation to the temporal
variations associated with E. crassipes phenology, as they may limit the transferability of
the spectral signature of the species over time and other supervised classifiers. As such,
repeated satellite-synchronized UAYV flights should be made to collect representative data of
the plant spectra in different seasons, thus increasing the phenological variability presented
to classifier models.

The lessons learned from our test study suggest that the way forward may be taking
our proposed methodology to incorporate correlations between dispersion and descrip-
tive physical factors of space (e.g., flow velocity, bathymetry, river curvature index, water
temperature, solar exposure, and soil occupation). Such considerations would also deepen
knowledge of ecological and human factors that promote or inhibit the process of inva-
siveness, which is fundamental to the success of alAPS management sustained by yearly
warning and prevention.

5. Conclusions

Meaningful information and data on alAPS spatial distribution, growth, and spread
remain a challenge in fluvial systems. In this study, we tested a spatially and temporally
explicit mapping of Eichornnia crassipes through the use of selected spectral information
recorded by Sentinel-2 on semi-automatic classification systems.

Our results indicate that the inclusion of a synchronization process between UAV
and satellite imagery and the implementation of super-resolution algorithms can improve
alAPS detection and monitorization. The use of only spectral information sensitive to a
highly dynamic alAPS (Eichornnia crassipes) proved capable of performing semi-automatic
classification processes with temporally and spatially accurate results throughout its appli-
cation in data fusion models. Specifically, this study demonstrates the influence of the red
edge region of the electromagnetic spectrum derived from the Sentinel-2 sensor, amongst
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other influential spectral bands that are relevant in detecting and mapping invasive species
in freshwater ecosystems.

Our findings suggest that embracing cutting-edge remote sensing technologies to
monitor and manage freshwater ecosystems can improve the spatial awareness of invaded
areas from a regional to a local scale.
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