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Abstract—Multispectral images collected by the European Space
Agency’s Sentinel-2 satellite offer a powerful resource for accu-
rately and efficiently mapping areas affected by the distribution of
invasive aquatic plants. In this work, we use different spectral in-
dices to detect invasive aquatic plants in the Guadiana river, Spain.
Our methodology uses a convolutional neural network (CNN) as
the baseline classifier and trains it using spectral indices calcu-
lated using different Sentinel-2 band combinations. Specifically,
we consider the following spectral indices: With two bands, we
calculate the normalized difference vegetation index, normalized
difference water index, and normalized difference infrared index.
With three bands, we calculate the red–green–blue composite and
the floating algae index. Finally, we also use four bands to calculate
the bare soil index. In our results, we observed that CNNs can
better map invasive aquatic plants in the considered case study
when trained intelligently (using spectral indices) as compared to
using all spectral bands provided by the Sentinel-2 instrument.

Index Terms—Convolutional neural networks (CNNs), invasive
aquatic plants, remote sensing, Sentinel-2 (S2), spectral indices.

I. INTRODUCTION

R EMOTE sensing has been widely used for water support
management in recent years. For instance, the work devel-

oped in [1] supported water quality management, and monitored
the spatial-temporal distribution of water turbidity. In [2], coastal
ecosystem health status was evaluated. Other studies, such as [3]
and [4], mapped flooded areas. In [5], polar sea ice leads in open
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water were mapped. Water body extraction was carried out in [6],
and permafrost areas were mapped in [7]. Many studies have
been focused on mapping vegetation, i.e., estimating vegetation
regions [8], monitoring vegetation growth [9] and vegetation
changes [10], predicting the location of algal blooms [11],
and discriminating between different macrophyte species [12],
among other applications.

A. Using Spectral Indices to Detect Invasive Aquatic Plants

Spectral indices exhibit a great potential for effectively map-
ping ecosystems affected by invasive aquatic plants [13]. To
detect Spartina alterniflora in Sentinel-2 images [14], several
indices have been used, including the normalized difference
vegetation index (NDVI), enhanced vegetation index (EVI),
difference vegetation index (DVI), green difference vegetation
index (gDVI), green NDVI (gNDVI), soil-adjusted vegetation
index (SAVI), and a phenological vegetation index (PVI). The
work in [15] combined vegetation indices (e.g., NDVI) and water
indices such as the normalized difference water index (NDWI)
to detect Eichhornia crassipes (water hyacinth) in Sentinel-2
images. The work in [16] also focused on the detection of water
hyacinth by calculating fractional vegetation cover (FVC) in
Sentinel-2 images using SAVI.

Multispectral images acquired by unmanned aerial vehicles
were used in [17] to determine NDVI, enhanced normalized
difference vegetation index (ENDVI), normalized difference red
edge index (NDREI), normalized green-red difference index
(NGRDI), and green normalized difference vegetation index
(GNDVI). Landsat images were used in [18] to calculate NDVI
for water hyacinth detection. Other works used spectral indices
and spatial autocorrelation analysis to detect algal blooms in
Sentinel-2 and Landsat images [19], and also used MODIS
images to calculate the floating algae index (FAI).

In order to exploit the information provided by spectral in-
dices and take advantage of state-of-the-art machine learning
classifiers, several authors have combined both techniques in
their studies. For instance, the authors in [20] used Landsat-8
and Sentinel-2 data to develop a hierarchical classifier based
on three steps for water hyacinth detection. The steps can be
summarized as follows: 1) water detection with a modified
normalized difference water index (MNDWI); 2) vegetation
detection with NDVI; and 3) detection of water hyacinth with a
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random forest (RF) classifier. The authors in [21] discriminated
between water hyacinth and water primrose in Sentinel-2 images
by using RF and nine spectral vegetation and water indices
(NDVI, NDAVI, WAVI, SAVI, NDVIRe2, NDVIRe3, NDWI,
NDII, and MNDWI). The authors in [22] mapped Spartina al-
terniflora using Sentinel-2 and Sentinel-1 data, SAR vegetation
indices, and seven spectral indices: NDVI, EVI, NDWI, land
surface water index, and automated water extraction index. To
the best of our knowledge, no studies have combined deep learn-
ing classifiers and spectral indices for detection and mapping of
aquatic invasive plants.

B. Mapping Invasive Aquatic Plants Using CNNs

One of the species that is considered to be most invasive is the
water hyacinth. This plant tends to cover the river surface due
to its tapestry-like distribution. Great efforts have been made
to control the spread of this plant, with negative effects on
biodiversity, the environment, and the economy [23]. In order
to successfully manage these species, current strategies aim at
their removal when present on the water surface to prevent their
dispersal [24].

Our previous studies began a new line of research were
invasive aquatic plants in the Guadiana river, the second longest
river in Spain, were mapped by using remote sensing and deep
learning techniques. In order to facilitate mapping, monitoring,
and control of the invasive aquatic plant distribution in the
Guadiana river, our previous work first focused on automatic
detection of the plant using all the spectral bands provided by
the Sentinel-2 satellite. In [23], a quantitative and qualitative
comparison of different machine/deep learning algorithms was
carried out, determining that convolutional neural networks
(CNNs) were effective for mapping purposes. This conclusion is
in agreement with other works, which concluded that CNNs are
successful for mapping vegetation species in remotely sensed
data [25], [26], [27], [28], [29], [30], [31], [32].

In a subsequent work [33], we used CNNs as a baseline to
monitor the spatio-temporal distribution of water hyacinth using
sparse training samples collected from only four images (out of
a total of 62 images available in the analyzed two-year time
series) independently of the phenological stage. To study the
dynamics of the spread of invasive plants over a two-year period,
a methodology for mapping the most frequent areas of water
hyacinth accumulation was developed.

C. Motivation and Innovative Contributions of This Work

The goal of this article is to provide a better training mecha-
nism for CNNs to identify invasive aquatic plants. In case of
methods based on spectral indices to detect invasive aquatic
plants, they use combinations of spectral bands to highlight pix-
els of the multispectral (MS) images with specific land-covers.
However, when vegetation indices (such as NDVI) are used,
invasive plants and other types of vegetation may coincide in
the same thresholds (as it actually happens in the two test areas
considered in our work). This requires manual segmentation
to differentiate between invasive and noninvasive plants. Ob-
viously, this entails a more costly and less automatic process.

Therefore, in this study, the invasive aquatic plant detection
task consists of an automatic process by using deep learning
techniques. Moreover, this work takes advantage of band combi-
nations that are conducive to highlighting vegetation in the water.
This is accomplished by extracting suitable training samples for
the model. In summary, the main contributions of this work can
be summarized as follows.

1) We introduce a new methodology for the automatic detec-
tion of invasive aquatic plants that simplifies the spectral
complexity of the images acquired by the Sentinel-2 satel-
lite. Specifically, we use spectral indices to improve the
training process of CNNs and determine if the obtained
results (calculated using a reduced set of carefully selected
Sentinel-2 bands) can improve the results obtained using
all available bands. Our approach uses remote sensing,
geographical information systems (GIS) techniques, and
a deep learning model. An additional advantage of using
fewer spectral bands is to reduce the amount of data
required for image downloading, preprocessing, and pro-
cessing.

2) We test our new automatic detection strategy in two areas
of the Guadiana river, Spain, which are heavily affected by
the presence of invasive aquatic plants. Our methodology
is tested in a quantitative and qualitative way. The first area
is affected by Mexican water lily, while the second one is
affected by water hyacinth.

3) We conduct a comprehensive comparison of the perfor-
mance of the CNN model with other classical machine
learning classifier, the RF, that was used as a standard in
other studies.

II. METHODOLOGY

Fig. 1 graphically illustrates the workflow adopted in this
work. First, multispectral images over the Guadiana river are
collected by the Sentinel-2 satellite. Next, a preprocessing of
these images is carried out where spectral indices are calculated.
Region of interest (ROI) extraction and management of nodata
values are also carried out as described in [23]. Then, automatic
detection of invasive plants is carried out using CNNs trained
with different spectral indices. Finally, the outputs are evaluated
by comparing the results with a ground truth image, generated
according to the procedure in [23], calculating different accuracy
metrics.

A. Study Area

Two sections of the Guadiana river affected by invasive
aquatic plants have been selected for experiments (see Fig. 2).
The first ROI corresponds to an area affected by Eichhornia
crassipes, also known as water hyacinth, close to the city of
Mérida (ROI_ME). There, an invasive plant control barrier for
mechanical removal of these plants has been installed. The
second ROI (ROI_BA) is a section of the river affected by
yellow water lily (also known as Nymphaea mexicana). This
area crosses the city of Badajoz, in the SW of Extremadura
region, Spain. The main characteristics of these ROIs are given
in Table I.
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Fig. 1. Workflow of the procedure for mapping invasive aquatic plants in the Guadiana river. The CNN architecture used is also displayed.

TABLE I
CHARACTERISTICS OF THE TWO SELECTED ROIS AND THE CONSIDERED

MULTISPECTRAL DATASETS

B. Remotely Sensed Imagery

Sentinel-2 images are open-access multispectral datasets
provided by ESA’s satellite, as part of the Copernicus pro-
gramme. Level-1 C (S2L1C) and Level-2 A (S2L2A) products
are offered. The data are collected in a discrete number of bands
(13 or 12 spectral bands, respectively) with different levels of
spatial resolution (from 10 to 60 m per pixel). Table II shows

the details of the 13 spectral bands available and their main
applications. Sentinel-2 has successfully contributed to many
studies for monitoring aquatic invasive plants, as indicated in
Section I-A. In this work, S2L2A products with atmospheric
correction are used. Moreover, the image datasets are acquired
from SentinelHub [34]. Here, six different band combinations
have been used as CNN inputs (details are given in Section
II-C). In addition, to compare results, we also consider all
Sentinel-2 bands as input to evaluate if the CNNs trained using
only spectral indices (resulting from specific band combinations)
can outperform the results obtained using all available bands.
Table I describes the main characteristics of the considered
multispectral datasets.

C. Band Compositions and Spectral Indices

In the following, we describe the spectral band combinations
and the spectral indices used in this work. The Sentinel-2 band
names (according to Table II) are also specified.

1) RGB: Composite of three bands: Red (B04), green (B03),
and blue (B02), also called natural color band combination. It
allows to display land covers in true color. The values range from
0 to 255 and they are normalized in this study to a range from 0
to 1.

2) NDVI: A well-known index [35] commonly used for
green vegetation quantification. Equation (1) defines this index
which is calculated by considering two bands: Red (B04) and
near-infrared, hereinafter NIR (B08). The values are normalized
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Fig. 2. (a) Geographical location of Spain. (b) Geographical location of the region of Extremadura, the Guadiana river and the Guadiana river basin. (c) Zoom
of a high resolution image including an area affected by yellow water lily in the city of Badajoz. (d) Zoom of a high resolution image including an area affected
by water hyacinth, close to the city of Mérida.

TABLE II
DESCRIPTION OF SENTINEL-2 BANDS

to a range from –1 to 1.

NDVI =
NIR − Red
NIR + Red

· (1)

3) FAI: Introduced in [36] to detect vegetation on the surface
of oceans. It is less sensitive to atmospheric effects than NDVI
and EVI. Equation (2) shows the definition of the index for
Sentinel-2 images, where three bands are considered: Red (B04),
NIR (B08), and SWIR1 (B11). Its values are normalized to a

range from 0 to 1.

FAI =

(
NIR −

(
Red + (SWIR1 − Red)

×
(

(λNIR − λRed)

(λSWIR1
− λRed)

))
(2)

where λNIR = 832.8, λRed = 664.6, and λSWIR1
= 1613.7.

4) NDWI: It combines two bands: green (B03) and NIR
(B08). It was proposed in [37] for determining vegetation water
status. The index is defined in (3) and its values are normalized
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Fig. 3. Invasive aquatic plants detection results using different indices with the CNN: (a) Badajoz case. (b) Mérida case.

to a range from –1 to 1

NDWI =
Green − NIR
Green + NIR

· (3)

5) BSI: Introduced in [38] to discriminate bare soil and fal-
low land from vegetation and other land cover classes by com-
bining four bands: SWIR1 (B11) and red (B04) bands (which
determine the soil mineral composition), while NIR (B08) and
blue (B02) determine the presence of vegetation. Their values
are normalized to range from –1 to 1. This index is defined as
follows:

BSI =
(SWIR1 + Red)− (NIR + Blue)
(SWIR1 + Red)) + (NIR + Blue)

· (4)

6) NDII: Developed by [39] as infrared index and later used
at [40] as NDII. It uses two spectral bands: NIR (B08) and SWIR
(B11). This index can also be seen as a normalized version of
NDMI when using Sentinel-2 B08 (or B8A) and B11 bands [41].
NDII (or NDMI) gives information on the changes in vegetation
water content. Leaf internal structure and leaf dry matter content

affect NIR reflectance, while the SWIR band gives information
on changes in the water content of the vegetation, as well as the
structure of the spongy mesophyll in vegetation canopies. Its
values are scaled to a range from –1 to 1. The index is defined
as follows:

NDII =
NIR − SWIR1

NIR + SWIR1
· (5)

Table III summarizes the main characteristics of the set of
images considered in this study, where spectral indices are used
to train the CNN adopted in our work for mapping purposes. It
should be noted that the resulting raster images after applying
spectral indices have 10 m of spatial resolution. To deal with the
different spatial resolutions between the spectral bands involved
in the calculation of the indices, we sampled every band to a 10 m
resolution. In this way, 20-m resolution bands (60 m would be
the same) are obtained by repeating their pixel values resampling
them (without modifying their values) to 10 m resolution. Since
there is at least one 10-m band in every index, all the pixels offer
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Fig. 4. Invasive aquatic plants detection results using different indices with the RF algorithm: (a) Badajoz case. (b) Mérida case.

Fig. 5. Confusion matrices for ROI_ME. (a) All bands. (b) RGB. (c) NDVI. (d) FAI. (e) NDWI. (f) BSI. (g) NDII.



RODRÍGUEZ-GARLITO et al.: MAPPING INVASIVE AQUATIC PLANTS IN SENTINEL-2 IMAGES USING CNNS 2895

Fig. 6. Confusion matrices for ROI_BA. (a) All bands. (b) RGB. (c) NDVI. (d) FAI. (e) NDWI. (f) BSI. (g) NDII.

TABLE III
INPUTS TO THE CNN USED FOR MAPPING PURPOSES

different values when calculating the index, resulting in a final
10-m resolution raster image.

D. Preprocessing

After downloading the Sentinel-2 images, spectral indices are
calculated for the pixels used for training as described in Section
II-C, and the NoData values are managed as explained in [23],
i.e., normalizing the pixel values between 0 and 1 and changing
the format from 8 bits to 32 bits. The CNN architecture and the
training process are explained in the following section.

E. Detection

As indicated above, the main novelty of our work is that the
detection of aquatic plants is performed using a CNN trained
using spectral indices. In the following, we describe the CNN
architecture and the training process.

1) CNN Architecture: For aquatic weeds detection on pre-
processed Sentinel-2 images, a CNN model was developed and
trained with all Sentinel-2 spectral bands in [23], outperforming
other traditional machine learning methods. The same CNN
model was also used in our previous work [33], in which the
training set was composed by samples collected from different
Sentinel-2 images, acquired on different dates. In those works,
the CNN model allowed us to detect water hyacinth at different
phenological stages and also to analyze the spatio-temporal

dynamics in a time series, determining the areas where the
invasive plants were most frequently accumulated in the period
analyzed.

In this work, we adopt the same CNN architecture, but the
CNN is trained using spectral indices instead of all the spectral
bands from the Sentinel-2 satellite. A detailed scheme of the
CNN architecture is shown in Fig. 1. Specifically, the CNN
architecture has one convolutional 1-D layer with rectified linear
unit (ReLU) activation function, 20 filters, and a kernel size of
12, together with a reshaping (flatten) layer), a fully connected
(dense) layer (including 128 neurons), a batch normalization
layer with ReLU activation, and a fully connected (dense) layer
with 4 neurons and Softmax activation. The model is retrained
in this work as indicated in the following section.

2) Training Process: As illustrated in Fig. 1, the CNN model
has been trained with different sets. Specifically, six training sets
(based on different spectral indices) have been used: SetRGB,
SetNDVI, SetFAI, SetFAI, SetNDWI, SetBSI, and SetNDII. These sets
have been generated as follows. First, a ROI is defined to label the
pixels containing aquatic invasive plants in the image (here, two
case studies are considered: Badajoz and Merida). As explained
in [23], the ROI contours were carefully selected using high
resolution imagery and ground knowledge, so that the ROI
contours encompass only pixels that contain invasive aquatic
plants in the image. Then, a percentage of the pixels in the
ROI are selected for training the CNN architecture (while the
remaining pixels in the ROI are used for testing). In the selected
pixels, the per-pixel values of different indices are calculated,
resulting in six different training sets. These training sets are used
to train the CNN architecture. Table IV shows the total number of
pixels used for training in each considered case study (Badajoz
and Merida), resulting in two ROIs that are called ROI_BA and
ROI_ME.

F. Hardware/software Environment

The hardware environment considered in our experiments
comprises an Intel(R) Core(TM) i9-10900 k processor with
64-GB RAM memory and 2-TB SSD. Regarding the considered
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TABLE IV
NUMBER OF TRAINING SAMPLES (PIXELS) USED FOR TRAINING THE CNN

ARCHITECTURE IN THE BADAJOZ CASE AND THE MÉRIDA CASE

software environment, the implementation was developed in
Python 3.10 by using TensorFlow and Keras framework. GIS
techniques have been considered for preprocessing operations
(raster clipping, image analysis, sample selection, etc.) by using
Python scripts and QGIS software tools. These tools have also
been used for the visualization of images and for the design of
map layouts.

III. EXPERIMENTAL RESULTS

A. Metrics for Accuracy Assessment

In order to evaluate the CNN models, the prediction errors are
calculated. For that purpose, ground truth data generated in our
previous work [23] have been used in this study. A confusion
matrix has been calculated for each CNN model. These are bi-
nary matrices that indicate whether a pixel of the image contains
invasive plants or not (zero value if invasive plants are detected
and one value it they are not). In the first column true negatives
(TNs), false positives (FNs) are represented. In the second one,
false positives (FPs) and true positives (TPs) are shown.

Moreover, different metrics have been implemented for eval-
uating the performance of the considered classification ap-
proaches. The different relationships between the model pre-
dictions and the real values (ground truth values) are defined in
the following equations: Overall accuracy [(6)], user’s accuracy
[(7)], producer’s accuracy [(8)]—also known as recall, sensitiv-
ity, or TP rate—and F1 score [(9)].

Overall accuracy =
TP + TN

TP + TN + FP + FN
(6)

User’s accuracy =
TP

TP + FP
(7)

Producer’s accuracy =
TP

TP + FN
(8)

F1 score =
2× TP

2× TP + FP + FN
· (9)

B. Assessment of Results

This section describes the results of invasive aquatic plants
detection after applying the CNN model, using the different
training sets considered in this study. Fig. 3 shows all the CNN

detection maps. In addition, the ground truth (GT) images and
the Sentinel-2 (S2) images in true color are also shown, for
better visual interpretation of the results. In the Mérida case
[see Fig. 3(a)], by comparing the S2 and GT images with the
CNN algorithm outputs, we can see that there is water hyacinth
distributed in small masses on the river banks and in a large
mass upstream of the containment barrier. In general terms, it
can be seen from Table VI that better accuracies are obtained
with spectral indices than with the total number of bands offered
by the S2 satellite. In all cases, training with spectral indices
results in high accuracies (from 0.856 to 0.933 in terms of overall
accuracy, from 0.843 to 0.924 in terms of user’s accuracy, from
0.754 to 0.935 in terms of producer’s accuracy, and from 0.798
to 0.913 in terms of F1 score). The index with the worst results
is the NDWI.

In contrast, in the Badajoz case, the invasive plant (Mexican
water lily) is distributed in several irregular masses over the
entire surface and along the banks. As it can be seen in Fig. 3(b),
very good accuracies (from 0.643 to 0.779 in terms of overall
accuracy, from 0.641 to 0.813 in terms of user’s accuracy, from
0.669 to 1.00 in terms of producer’s accuracy, and from 0.734 to
0.839 in terms of F1 score) are obtained with spectral indices. In
two of the four accuracy metrics (user’s accuracy and producer’s
accuracy), better results are obtained with spectral indices than
with all the bands offered by the S2 satellite. In the cases in which
the best scores are obtained using all bands (overall accuracy and
F1 score), the difference with the accuracy of the index offering
the second best accuracy differs in less than 2% (in the case of
overall accuracy) and less than 1% (in the case of F1 score).

IV. DISCUSSION

The results in Table V reveal that the CNN model provides
the best results when trained with spectral indices (RGB, FAI,
BSI, NDVI, and NDII) instead of all spectral bands offered by
S2L2A in the case of Mérida. We also generated the same results
for the RF classifier and included them in Table VI to compare
our CNN with a classical classifier, and we can see all results are
improved by our method for both areas. However, as illustrated
in Fig. 3(a), the results obtained with NDVI show that some of
the accumulated water hyacinth is not detected upstream of the
large mass in the containment barrier. Moreover, as can be seen
in the confusion matrix in Fig. 5(c), the prediction success (i.e.,
the TPs and TNs) are higher and the prediction errors (i.e., the
FPs and FNs) are lower with indices than with the all bands used
as input. Therefore, the use of a large number of bands as input
(instead of a specific index) introduces some confusion in the
learning of the CNN. As it can be seen in Fig. 3(a), if we consider
the NDWI as input, there is water hyacinth accumulated behind
the barrier and on the banks that has not been correctly detected.
This fact can also be appreciated in Fig. 5(e). In the same way,
the results in Table VI (in terms of user’s accuracy) show that,
when the CNN is trained with spectral indices, better results
are obtained than using all the bands as input. Regarding the
producer’s accuracy, as shown in Table VI, the spectral indices
that do not exceed the accuracy provided by using all bands are
NDVI, FAI and NDWI, because the percentage of TPs is lower
and the percentage of FNs is higher (as is shown in Fig. 5).
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TABLE V
PERFORMANCE EVALUATION FOR MÉRIDA CASE AND BADAJOZ CASE (BEST RESULTS IN BOLD) USING THE CNN ALGORITHM

TABLE VI
PERFORMANCE EVALUATION FOR MÉRIDA CASE AND BADAJOZ CASE (BEST RESULTS IN BOLD) USING THE RF ALGORITHM

Finally, considering the F1 score metric, the worst accuracy is
obtained with NDWI index.

In the Badajoz case study, it can be observed in Fig. 3(b)
that the worst results are obtained when training the CNN with
RGB, NDWI, and FAI, due to overdetection in RGB and NDWI
and under-detection in FAI. On the other hand, as shown in
Table VI, training with BSI, NDII, and NDVI provides similar
results to using all bands in terms of overall accuracy. It can
also be seen in Fig. 6 that there are higher FP values in RGB

and NDWI and lower TP values in the case of FAI. However,
when analyzing the user’s accuracy metric, it can be appreciated
that the worst results are obtained with RGB and NDWI and the
best ones with BSI and NDII. In the case of producer accuracy,
RGB and NDWI obtain very high results because they result in
a high percentage of TPs and a very low percentage of FNs and,
on the contrary, lower results are obtained in cases where the
percentage of FNs is higher (as with the BSI and NDII inputs).
Finally, analyzing F1 score, the highest values in terms of FPs
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do have a negative effect, penalizing the RGB, NDWI, and FAI
indices, while favoring other indices such as NDVI, BSI, and
NDII. To visually compare the results, Fig. 4(a) and (b) were
generated with the same conditions but using the RF algorithm.

Our results also reveal that the accuracies vary if we consider
the case of Mérida or Badajoz. In the case of Mérida, higher
accuracies are obtained than in Badajoz. As it can be seen in
Fig. 3(b), the distribution of invasive plants on the surface of the
river in the area of Badajoz is presented in masses with more
irregular shapes than the masses of invasive plants present in the
area of Mérida. These masses are also responsible for the higher
percentage of FP detections.

Another significant benefit of using spectral indices (instead
of all bands) for training the CNN is computational efficiency.
Not only because fewer bands need to be downloaded from the
S2 satellite, but also because of the higher throughput resulting
from the fact that less information has to be processed. More-
over, since the results provided by all indices resulted in better
accuracies, a more efficient training of the CNN architecture can
be performed. If we compare the training times needed for the RF
and CNN algorithms, the mean time (after 10 runs) for training
the RF algorithm is about 0.3 s using indices or the whole set
of bands. Regarding the CNN training time, it is higher (about
11 s).

V. CONCLUSION

In this work, we have developed a new method for invasive
aquatic plant detection in Sentinel-2 images that relies on a
CNN architecture trained with different spectral indices. This
represents a significant advantage over previous works, in which
the CNN was trained with all the spectral bands available (which
generally resulted in lower quality results despite using a higher
number of spectral bands). The index with better detection
accuracy depends on the evaluation metric that is considered,
but in general it can be concluded than the information provided
by spectral indices is more useful for training than the raw mul-
tispectral data provided by the Sentinel-2 satellite. This opens
new perspectives in terms of more efficient and effective data
processing. In future studies, we will perform a more detailed
assessment of computational performance and consider other
deep learning models.
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[41] O. Strashok, M. Ziemiańska, and V. Strashok, “Evaluation and correlation
of Sentinel-2 NDVI and NDMI in Kyiv (2017-2021),” J. Ecological Eng.,
vol. 23, pp. 212–218, 2022.

Elena Cristina Rodríguez-Garlito (Student Mem-
ber, IEEE) received the B.Sc. degree in civil en-
gineering, the M.Sc. degree in GIS (geographical
information systems) and RS from the University
of Extremadura, Cáceres, Spain, in 2013 and 2014,
respectively, where she is currently working toward
the Ph.D. degree in predoctoral contracts for the
training of doctors in public RD centers belonging
to the Extremadura System of Science, Technology
and Innovation.

She is currently a Member of the Hyperspectral
Computing Laboratory, Department of Technology of Computers and Com-
munications, University of Extremadura. She is working on the development
of machine/deep learning algorithms for invasive aquatic plants detection and
natural resources management, using RS data from satellites and drones. Her
research interests include GIS, RS, and machine/deep learning.

Abel Paz-Gallardo received the B.S. degree in
computer engineering from the University of Ex-
tremadura, Cáceres, Spain, in 2007, and the M.Sc. and
Ph.D. degrees in computer science from the Univer-
sity of Extremadura, in 2009 and 2011, respectively.

From 2006 to 2007, he was a Research Assistant
with the Department of Computer Architecture with
the University of Extremadura, where he became As-
sociate Professor in 2008. At the same time he started
with the Minimally Invasive Surgery Center Jesús
Usón, Cáceres, Spain. In 2010 he started working

with Bull Spain S.A. to deploy at CETA-Ciemat (Trujillo, Spain) the biggest
GPGPU Cluster in Spain and one of the biggest ones in Europe. From October
2011 to July 2018, he was the IT Manager (CIO) of CETA-Ciemat, where
he achieved the GPU Research Centre mention from NVIDIA as Principal
Investigator. Finally, from July 2018, he is the Chief Information Officer of
Greenfield Technologies, Badajoz, Spain, a precision agriculture company that
provides recommendations to farmers, through the use of different innovative
technologies (such as drones, satellites, sensors, and artificial intelligence) and
applied research. He has participated in more than 40 international projects
and has authored or coauthored more than 40 publications, including 16 journal
citation report (JCR) papers (most of them published by IEEE journals), and over
30 peer-reviewed international conference papers. His main research interests
include remotely sensed hyperspectral image analysis, signal processing, and
efficient implementations of large-scale scientific problems on high performance
computing architectures such as clusters and graphical processing units (GPUs).

Dr. Paz-Gallardo was the recipient of the IEEE Signal Processing Magazine
Best Column Award Paper from the IEEE Signal Processing Society in Novem-
ber 2015.

Antonio Plaza (Fellow, IEEE) received the M.Sc.
degree in 1999 and the Ph.D. degree in 2002, both
in computer engineering, from the University of Ex-
tremadura, Cáceres, Spain.

He is a Full Professor and the Head of the Hyper-
spectral Computing Laboratory, Department of Tech-
nology of Computers and Communications, Univer-
sity of Extremadura. He has authored or coauthored
more than 800 publications in this field, including 400
JCR journal papers, 25 book chapters, and 330 peer-
reviewed conference proceeding papers. His main

research interests include hyperspectral data processing and parallel computing
of RS data.

Dr. Plaza was the recipient of the recognition of Best Reviewers of the IEEE
Geoscience and Remote Sensing Letters (in 2009) and the recognition of Best
Reviewers of IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING (in
2010), for which he served as Associate Editor in 2007–2012, the Best Column
Award of the IEEE Signal Processing magazine in 2015, the 2013 Best Paper
Award of the JSTARS journal, and the Most Highly Cited Paper (2005–2010) in
the Journal of Parallel and Distributed Computing, and Best Paper Awards at the
IEEE Workshop on Hyperspectral Image and Signal Processing: Evolution in
Remote Sensing, the IEEE International Conference on Space Technology, and
the IEEE Symposium on Signal Processing and Information Technology. He is a
Fellow of IEEE “For contributions to hyperspectral data processing and parallel
computing of Earth observation data,” and a Member of Academia Europaea, The
Academy of Europe. He is also an Associate Editor for IEEE Access (receiving
the recognition of Outstanding Associate Editor for the journal in 2017), and
was also Member of the Editorial Board of the IEEE Geoscience and Remote
Sensing Newsletter (2011–2012) and the IEEE Geoscience and Remote Sensing
Magazine (2013). He has guest edited 17 special issues on hyperspectral imaging
for different journals. He was also a member of the steering committee of the
IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND

REMOTE SENSING (JSTARS). He served as the Director of Education Activities
for the IEEE Geoscience and Remote Sensing Society (GRSS) from 2011 to
2012, and as President of the Spanish Chapter of IEEE GRSS in 2012–2016.
He is currently serving as Chair of the Publications Awards Committee of IEEE
GRSS and as a Vice-Chair of the Fellow Evaluations Committee of IEEE GRSS.
He has reviewed more than 500 manuscripts for over 50 different journals.
He served as the Editor-in-Chief of IEEE TRANSACTIONS ON GEOSCIENCE

AND REMOTE SENSING for five years (2013–2017) and as the Editor-in-Chief
of the IEEE JOURNAL ON MINIATURIZATION FOR AIR AND SPACE SYSTEMS

(2019–2020). He has been included in the 2018, 2019, 2020, 2021, and 2022
Highly Cited Researchers List (Clarivate Analytics). Additional information:
http://sites.google.com/view/antonioplaza.

https://www.sentinel-hub.com
https://www.sentinel-hub.com
https://ntrs.nasa.gov/citations/19740022614
http://sites.google.com/view/antonioplaza


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


