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Abstract—Monitoring the spatiotemporal distribution of inva-
sive aquatic plants is a challenge in many regions worldwide. One
of the most invasive species on Earth is the water hyacinth. These
plants are harmful to biodiversity and create negative impacts
on society and economy. The Guadiana river (one of the most
important ones in Spain) has suffered from this problem since
the early 2000s. Several efforts have been made to mitigate it.
However, invasive plants, such as the water hyacinth, are still
present in seed banks at the bottom of the river and can germinate
even more than a decade after. In this article, we propose an
automatic methodology, based on remote sensing and deep learning
techniques, to monitor the water hyacinth in the Guadiana river.
Specifically, a multitemporal analysis was carried out during two
years using images collected by ESA’s Sentinel-2 satellite, analyzed
with a convolutional neural network. We demonstrate that, with
our strategy, the river can be monitored every few days, and we are
able to automatically detect the water hyacinth. Three experiments
have been carried out to predict the presence of water hyacinth from
a few scattered training samples, which represent invasive plants in
different phenological stages and with different spectral responses.

Index Terms—Deep learning (DL), invasive aquatic species,
multitemporal remote sensing, water hyacinth.

I. INTRODUCTION

THE water hyacinth (eichhornia crassipes) is an aquatic
perennial macrophyte native to Brazilian habitats [1]. This

aquatic plant (that floats freely on the surface of freshwater) has
spread to different parts of the world [2], being distributed in
more than 50 countries across five continents. These species,
considered as a valuable resource with several qualities [3], ex-
hibit unique properties. Some authors have emphasized the eco-
logical and socioeconomic application of the water hyacinth [4].
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It absorbs heavy metals and organic contaminants, allowing its
utilization in wastewater treatments [5], [6], [7] and for heavy
metal removal [8], [9]. It also has potential use as water hyacinth
biomass in biochar [10], bio-oil, and syngas [11]. Its use is also
common in energy production, water treatment, agriculture (as
a chemical and biological resource), and as an alternative to
conventional construction materials [12]. However, its presence
threatens the environment and produces a negative socioeco-
nomic impact [13].

With high toleration in extreme environmental condi-
tions [14], it outcompetes native vegetation, therefore affect-
ing biodiversity. Moreover, climate change makes native plant
species more vulnerable, also favoring invasive plant species
that adapt better to changes. As a result, the water hyacinth
is considered as one of the worst invasive alien species, and
it is included in the Global Invasive Species Database [15].
The highly invasive nature of this plant is due, in part, to its
rapid reproductive capacity (it can double its biomass in 6–12
days [16]). The plant is generally distributed in floating mats
in the surface of rivers. These dense mats negatively affect
important physiochemical water quality parameters. Dissolved
oxygen concentration (the most important variable for aquatic
fauna) is reduced with the growth of invasive plants [17], [18].
The patches that cover the water block the light needed for
photosynthesis by other submersed vegetation. These patches
also absorb nutrients from the water (impacting on ecological
communities as well), decreasing phytoplakton distribution, and
changing zooplankton abundance and diversity [19].

Water hyacinth invasion also creates a negative impact on
different human activities, such as navigability, boating access,
and recreation [20]. From an economic perspective, the invasion
of hyacinth entails high costs in management [21], equipment,
treatment, and qualified personnel for the tasks of control, re-
moval, and elimination in the affected water bodies [22], [23],
[24]. Given the difficulty of eradicating the invasive plants in
affected watercourses, management efforts are aimed at reduc-
ing their biomass through various strategies. For this purpose,
mechanical control or manual removal have been used [25],
along with chemical [26], [27] or biological control [28], [29].

There is a legal framework in Europe that discourages a
profitable economy around this kind of invasive species, pro-
hibiting possession, and trade and trafficking of live specimens.
Confederación Hidrográfica del Guadiana (CHG) is a public
Spanish organization in charge of managing the Guadiana river
basin. As shown in Fig. 1, the water hyacinth first appeared
(following a tapestry-like distribution) in the Guadiana river
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Fig. 1. Water hyacinth (Eichornia crassipes) being removed by machinery in the Guadiana river, Spain.

basin in 2004, causing negative impacts as discussed above. This
plant has also affected recreational activities in the Guadiana
river, such as canoeing, as it completely invades sections of the
river. Its accumulation on the piers affects navigation.

Several strategies have been adopted to mitigate the negative
impact of invasive plants, with large economic investments.
Some of these actions have been focused on manual and mech-
anized removals. Control infrastructures (such as containment
and removal barriers) have been created. However, the Spanish
legislation does not allow the use of herbicides in natural wa-
tercourses. In 2021, it was reported that a total of 150 783 092
tons of hyacinth were extracted since 2005 [30]. Surveillance
activities have also been carried out to prevent its proliferation
and expansion. The current focus is on control and early detec-
tion. Economic analyses have been conducted to demonstrate the
benefits to the ecosystem of invasive species management [31].
In this way, an investment of 27 800 000 € has been foreseen
for water hyacinth control and eradication measures for the
2021–2027 period.

The reproductive biology of water hyacinth allows for sexual
and asexual reproductions [32], [33]. Asexual reproduction,
through the formation of stolons, is the main cause of the rapid
spread of water hyacinth [34]. On the other hand, sexual repro-
duction from a seed bank is also possible [35], [36]. According to
reports from CHG, total elimination of the water hyacinth from
the surface of the Guadiana river was accomplished on Decem-
ber 2020 [30]. However, the seeds still remain at the bottom of the
river and they can germinate after a few years [35]. An important
aspect to control their reproduction is early detection, allowing
to taking removal measures. Invasive water species have a great
capacity to reproduce and adapt to the environment in which
they develop. Consequently, continuous monitoring and control
of affected areas is necessary.

The seasonal growth of water hyacinth in Brazil was studied
in [37], suggesting tactics for managing hyacinth with herbicide
applications. The phenology and growth stages of the plant were
described in a study conducted in a lake in Florida [38]. There,
it was concluded that its growth phases exhibit adaptivity to the
environment, ease of dispersal, reproduction, and repopulation
after severe losses (particularly, in winter). Therefore, it is impor-
tant to understand the phenological behavior of the plant and the

Fig. 2. Illustration of the phenological stages of water hyacinth in the Guadiana
river, Spain.

dynamics of the changes it undergoes over time. Fig. 2 shows
the phenology of water hyacinth in the Guadiana river basin
(Spain). This figure has been elaborated from published reports
by the CHG [30], [39], using field observations. It is important
to note that the behavior shown in Fig. 2 can vary according to
climatic aspects. In May, the vegetative growth period usually
begins; the rapid development of the plant facilitates its asexual
reproduction, which is capable of multiplying individuals in a
very short time. Flowering usually begins in April and continues
throughout the summer months. The flowers are blue and remain
open from two to five days [40]. Flowering continues throughout
the warm months and increases in June and August. After
flowering, the fruit is produced. In November or December, the
plants begin their dormancy period.

The main goal of this study is to develop a new technique to
automatically detect and monitor the water hyacinth every five
days [Sentinel-2 (S2) satellite revisit time] in a time series of re-
mote sensing images spanning two years. Our aim is to determine
seasonal changes in the spatial and temporal distributions of its
biomass. We also analyze how many remote sensing images are
required to collect suitable training samples for automatically
detecting water hyacinth in the considered time series. Our
goal is to minimize the number of images needed to obtain an
accurate geolocation of the plant; thus, being able to model its
phenological cycle. Specially, in this study we give particular
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importance to accurately mapping the water hyacinth during
the vegetative growth and propagation phases of the invasive
plant. The main contributions of our work can be summarized
as follows.

1) Following our previous work in [41], a deep learning
(DL) model capable of identifying automatically water
hyacinth has been selected as a baseline for evaluating the
multitemporal evolution of the plant in a two-year time
series. The selected model is able to discriminate invasive
plants from the rest of the land cover, separating them from
other types of vegetation.

2) A careful training of the DL model has been carried out
by minimizing the number of samples collected. In this
way, training samples have been extracted from only four
multispectral S2 satellite images. Such training allows us
to predict the presence of water hyacinth (in a two-year
period) independently of the different phenological stages
of the plant.

3) Using the trained model, we can monitor the spatiotempo-
ral distribution of aquatic invasive plants every few days.
This is accomplished by using S2 data (which allows
obtaining an image over any location in the world every
five days) without the need to retrain the model (i.e., by
reusing the same training) with no additional cost in terms
of image acquisition.

The rest of this article is organized as follows. Section II
describes some related works. Section III explains the mate-
rials and methods used in our work. Section IV justifies the
experimental design, shows the experimental results, interprets
the water hyacinth dynamics, and assesses the adopted convo-
lutional neural network (CNN) model. Section V discusses the
obtained experimental results. Finally, Section VI concludes this
article with some remarks and hints at plausible future research
lines.

II. RELATED WORKS

In recent years, there has been an increase in the use of remote
sensing techniques for mapping and monitoring water hyacinth.
Different remote sensing instruments (such as Landsat The-
matic Mapper, MODIS, RapidEye, WorldView-2, WorldView-3,
SPOT 5, among others) with different specifications and acqui-
sition costs have been reported in published studies [42]. Studies
using remote sensing techniques take advantage of available
images to identify and detect invasive plants [43]. Remote
sensing images record measurements of the energy reflected and
absorbed by the surface of the Earth. For instance, multispectral
images, such as those collected by satellite instruments as ESA’s
S2, contain detailed spectral and spatial information [44] that can
be used to create maps of the distribution of invasive plants [45].
Some studies applied remote sensing methods to satellite im-
agery by taking advantage of available indices. For example, the
normalized difference vegetation index (NDVI) [46] was used to
detect water hyacinth in Lake Tana, Ethiopia, by using monthly
S2 images. There, satellite MODIS data were used to evaluate
NDVI trends, concluding that the expansion of invasive plants
is favored by fluctuations at the lake level. In [47], the NDVI

and the normalized difference water index were used to monitor
the water hyacinth in Mondego river, Portugal, showing also the
potential of multispectral S2 data to assist in the development of
strategies for controlling the invasion of aquatic weeds. In [2],
fractional vegetation cover was used to estimate the area invaded
in Al Kabir river, Lebanon, using S2 time series.

The wide variety of existing machine learning algorithms
allows for the detailed interpretation of remote sensing im-
ages [48]. Classification techniques exhibit the potential to auto-
matically classify image pixels containing invasive species [49].
For example, in [50], a Naïve Bayes classifier was used to map
water hyacinth in Saigon river, Vietnam. In [51], the random
forest (RF) classifier was applied to S2 images allowing for the
detection of water hyacinth (among other land covers). In [52],
a linear discriminant analysis was used on S2 images acquired
in the Greater Letaba river system, South Africa. An ensemble
learning approach based on the RF algorithm was applied for the
same purpose in [53]. DL algorithms, such as CNNs [54], offer
flexibility in their architecture that are quite appealing for remote
sensing data processing [55], but have not been widely applied
to the detection of water hyacinth according to our knowledge.

In the context of the management of invasive plants in the
Guadiana river, the competent institution has been monitoring
the river by using aircraft flights, field data, and S2 images.
In our previous work [41], we proposed a methodology for
preprocessing, processing, and evaluation of satellite images
using different machine learning/DL techniques to automatically
detect aquatic invasive plants in the Guadiana river, Spain.
Moreover, we carried out a comprehensive comparison between
unsupervised and supervised classifiers, such as K-means, RF,
and CNNs. In addition, we proposed a strategy to quantitatively
assess classification performance in our context. This validation
strategy consisted in generating a synthetic ground truth image
from a high spatial resolution image, explained in detail in [56].
In this way, we demonstrated that aquatic invasive plants could
be detected automatically. We also observed in the obtained clas-
sification maps and performance metrics that the CNN classifier
achieved better detection accuracies than other classifiers. As a
result, in this work, we adopt the CNN classifier as a baseline
to perform multitemporal monitoring of water hyacinth in the
Guadiana river.

III. MATERIALS AND METHODS

Fig. 3 graphically shows the workflow adopted to monitor
water hyacinth in the analyzed time series. After the acquisition
of S2 images in the two-year period analyzed, a preprocessing of
these images is carried out. Then, automatic detection of invasive
plants takes place by means of a trained CNN (in fact, three
different trained models are considered in this work according
to different experiments). The final classification outputs are
used for the monitoring stage, which provides the percentage of
water hyacinth detected over time.

A. Study Area

A section of the Guadiana river affected by water hyacinth
has been selected for experiments. The region of interest (ROI)
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Fig. 3. Workflow of the procedure for monitoring the spatiotemporal distribution of water hyacinth in the Guadiana river using three different experiments. The
architecture of the CNN used for mapping is also displayed.

TABLE I
DESCRIPTION OF S2 BANDS

corresponds to an area affected by Eichhornia crassipes, close
to the city of Mérida (ME_zone) in which an invasive plant
control barrier has been installed in the river for mechanical
removal. It covers an area of about 45 ha, between 38◦50′ −
38◦ 51’N longitude and 6◦19′ − 6◦ 18’W latitude (see Fig. 4),
respectively.

B. Multitemporal Dataset

Among the advanced instruments capable of capturing the
spectral response of the Earth’s surface, satellites launched by
ESA (as part as the Copernicus programme) have been incor-
porated in this study. The S2 mission provides open-access

multispectral datasets that offer the potential to monitor water
hyacinth in rivers [47]. In particular, the level-2 A (S2L2A)
products (with atmospheric correction) of the time series de-
scribed in Table III have been acquired from SentinelHub [57].
The S2L2A imagery is composed of 100× 100 km2 tiles in
the Universal Transverse Mercator/World Geodetic System-84
projection, collected using a revisit time of five days. In Table I,
we give the spatial and spectral resolutions of these images in
each of the 12 available spectral bands. In our study, a period
of two years has been monitored using a total of 62 S2 images
(collected between January 2019 and January 2021), discarding
those datasets in which the ROI was covered by clouds. Table II
reports the final set of images used in our study.



232 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 16, 2023

Fig. 4. (a) Geographical location of Spain. (b) Geographical location of the region of Extremadura, the Guadiana river, and the Guadiana river basin. (c) Zoom
of Extremadura region, depicting the Guadiana river and its basin. (d) Zoom of the Guadiana river in the Extremadura region. (e) Zoom of a high-resolution image,
including an area affected by water hyacinth, close to the city of Mérida.

TABLE II
S2 IMAGES PROCESSED PER MONTH AND YEAR
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Fig. 5. Architecture of the considered CNN.

C. Hardware/Software Environment

The hardware environment in which our experiments were run
comprises an Intel(R) Core(TM) i9-10900 k processor, 64-GB
RAM memory, and 2-TB SSD. All the codes were implemented
in Python 3.10 using TensorFlow and Keras frameworks. On the
other hand, QGIS software was used for all preprocessing oper-
ations (such as raster clipping, image analysis, sample selection,
etc.).

D. Image Preprocessing

After downloading the images, we manually extracted the
ROIs in which we wanted to detect invasive plants. Resulting
from the change of geometry to a dataset that does not have
a square shape, pixels with no-data values appear. These no-
data values are treated as explained in [41] to exclude them
from training, prediction, and classification. For that purpose, a
normalization of the pixel values of each band of the dataset has
been carried out to scale them between 0 and 1. Furthermore,
the format has been changed from 8 to 32 bits.

E. Image Analysis

We use a CNN algorithm to implement a model of water
hyacinth detection, able to identify water hyacinth on S2 images
and make predictions in other different images. CNNs have been
widely used in spatial and spectral pattern analyses [55] to per-
form pixel classification studies, becoming a suitable algorithm
for separating different vegetation types [58], [59], [60], [61].
Recent studies have demonstrated the effectiveness of CNNs
in the task of mapping vegetation species in remote sensing
images [62]. The CNN design consists of sets of blocks with
neurons. The input data are transformed to an output volume
of neurons connected through weights and biases. In this way,
the output volume becomes the input of the next block [63].
The design of CNNs allows to process input data in the form
of multiple arrays [64], including multispectral images. As the
traditional multilayer perceptron, the CNN has hidden layers.
There, patterns are exploited in at least one convolutional layer.
Some studies apply CNNs to analyze the spatial patterns of
the input image data. Others consider spectral information, and
some works consider both the spatial and spectral information
contained in the data [55]. In this study, the spectral pixels are
considered as the input data. Our CNN architecture receives as
many input vectors as pixels are present in the original S2 image.

The adopted classification scheme is shown in Fig. 5 where our
CNN architecture comprises the following layers.

1) A convolutional 1-D layer with ReLU activation, includ-
ing 20 filters and kernel size of 12.

2) A reshaping (flatten) layer.
3) A fully connected (dense) layer with 128 neurons.
4) A batch normalization layer with ReLU activation.
5) A fully connected (dense) layer with four neurons and

Softmax activation.
This architecture has achieved an overall classification ac-

curacy of 90% when identifying aquatic invasive plants in our
study area [41], outperforming other state-of-the-art methods.

As shown in Fig. 3, the CNN model has been trained with
different training samples. The different training sets used by
the CNN model define the three experiments performed in this
work. The design of experiments 2 and 3 depends on the results
of experiment 1. All conducted experiments are described in the
following section.

IV. EXPERIMENTAL RESULTS

A. Experimental Design

In order to detect water hyacinth in the Guadiana river, a
multitemporal study has been carried out. A supervised CNN
has been trained to process a two-year time series of S2 imagery.
Before applying the CNN algorithm, we train the predictive
model to be able to distinguish water hyacinth from other species
and land covers. For this purpose, training samples of invasive
plants have been collected, together with other training samples
from different land cover types present in our case study. Three
experiments are described as follows, where experiments 2 and
3 have been defined based on the results of water hyacinth
detection in experiment 1.

1) Experiment 1: In this experiment, a single set of training
samples are collected from an S2 image and used for prediction
in the complete time series. First, to be able to identify the water
hyacinth, the main land cover types present in the river have
been identified by visual interpretation from a high-resolution
image. For this purpose, we have chosen an orthophotograph
acquired by the (Spanish) National Plan of Aerial Orthopho-
tography (PNOA) using a photogrammetric flight. These flights
are carried out over the whole Spanish territory. It has been
obtained for free, from the National Geographic Institute [65].
The high spatial resolution PNOA dataset was collected in 2019.
It is a multispectral image with three RGB bands of 7443 ×
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Fig. 6. (a) and (b) PNOA and S2 datasets. By visual interpretation, water
hyacinth training samples are collected and differentiated from the rest of land
cover types.

6321 pixels, in 8-bit format, with a spatial resolution of 0.25 m
per pixel. Since the date of acquisition of the PNOA dataset
belongs to the time series studied (July 2019), we have been able
to accurately extract training samples on the July S2 image by
using GIS tools. Specifically, we have collected training samples
of water hyacinth and other land cover types from the ROI
extracted from the image acquired by S2 on July 11, 2019. In
this month, as shown in Fig. 2, water hyacinth is in a vegetative
growth stage, and the plant can flower and produce fruits. As
shown in Fig. 6, the high-resolution PNOA image acquired
in July 2019 is suitable to separate the invasive plants from
other species in the image. In this way, by visual interpretation,
training samples can be collected by selecting those that belong
to water hyacinth and those that belong to different land cover
types (such as water, soil, and other kinds of vegetation).

The definition of the next experiments was established after
analyzing the 62 images obtained after applying the CNN to
each of the training sets. With the purpose of collecting a
minimum number of samples from the S2 images, the results
were considered acceptable when the detection of the invasive
plants was adequate for all the months in the time series studied.

2) Experiment 2: In this experiment, we use a single set
of training samples collected from several S2 images for pre-
dicting the presence of water hyacinth in the complete time
series. Here, we consider a single training set (considering the
different phenological stages of water hyacinth) for predicting
its presence in every month in the multitemporal dataset. On
the one hand, samples of different land cover types (except
water hyacinth) were collected on July 11, 2019, from the S2

Fig. 7. Spectral signatures of the training samples of water hyacinth.

dataset by resorting to visual inspection of the high spatial
resolution PNOA dataset and GIS techniques. We rely on field
reports and technical consultations with CHG to conclude that
the spatial resolution of S2 images is acceptable to collect water
hyacinth samples by visual interpretation (from areas that are
large enough and are fully occupied by the plant) on different
phases of the vegetative cycle. In addition, to avoid collecting
erroneous training samples, S2 images have been visualized
with indices that highlight vegetation and water types (such
as NDVI and moisture index). In this way, samples have been
extracted at four different dates (since the training samples used
in experiment 1 are not sufficient for a correct detection of the
invasive plant in all the months of the year). These dates are as
follows.

1) February 6, 2019, when the water hyacinth is in dormancy.
2) March 28, 2019, when it is in flowering stage.
3) July 11, 2019, when it is in vegetative growth.
4) December 28, 2019, when it is also in dormancy, but with

different natural color.
The spectral signatures of water hyacinth in the dates reported

above are shown in Fig. 7. They follow a similar trend as that of
conventional spectral signatures of vegetation, with absorption
features in the red and blue wavelengths and high reflectance
in the green and near infrared (NIR) wavelengths [66]. Despite
that, they exhibit notable differences that justify the collection
of water hyacinth samples on different dates. As it is also shown
on the RGB color composition of the S2 image in Fig. 10, the
different water hyacinth colors depend on the vegetative cycle
in which they are. There are significant variations in terms of
reflectance in the RGB bands, especially in B03 (559.8 nm),
justifying the color changes from green (vegetative growth stage)
to brown (dormancy).

3) Experiment 3: In this experiment, we collected a set of
training samples belonging to different phenological stages of
the water hyacinth that notably affect its spectral signature. First,
after analyzing all the images, we assumed that other land cover
types are common in each training set, so they were extracted on
July 11, 2019, by visual interpretation, as reported in previous
experiments. Second, water hyacinth samples were acquired on
the same dates, as in the previous experiment. On the contrary,
every training set is considered just for a specific period of the
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TABLE III
NUMBER OF TRAINING SAMPLES (PIXELS) USED IN OUR EXPERIMENTS

year. Accordingly, the first training set (collected on February 6,
2019) is only considered for February. The second set (collected
on March 28, 2019) is considered for March and April. The third
one (collected on July 11, 2019) is used in the May–October
period. Finally, the samples collected on December 28, 2019,
are used in the November–January period.

Table III describes the different training sets considered in
this experiment. Considering that an S2 image has 4471 labeled
pixels and that there are a total of 62 images that have been
processed, the number of training samples required for each
experiment is quite small.

B. Experimental Results

This section describes the obtained detection results and
justifies the consideration of different dates to collect training
samples. Experiments 2 and 3 arise from the fact that new
training samples need to be collected in order to reflect the
phenological stage of the plant in different months of the year.

Fig. 9 shows the dynamics presented by the water hyacinth
in the Guadiana river study areas. Specifically, it reports the
detection results obtained after applying the CNN algorithm to
four different cases, with four different training sets collected on
different dates (i.e., July, December, February, and March). On
the other hand, Fig. 10 displays some of the obtained invasive
plant detection results with different training sets.

Regarding the results in Fig. 9, we note that the use of the
training set collected on July 11, 2019, (referred to hereinafter
as set 1, collected during the growing stage of the plant) reveals
an increase in the percentage of pixels containing water hyacinth
with regards to the ROI in May 2019. It can also be seen that
the percentage of detected pixels reaches a maximum in the
summer months. At this point, there is a slow decline (i.e., a
decrease in the percentage of pixels labeled as water hyacinth
in the ROI). Such decline is steeper in November, when the
plant is in dormancy. In this case, the training samples were
collected by visual interpretation using a high-resolution image
(PNOA) from the same date. As a consequence, the detection
results in Fig. 8 can be considered quite accurate. Particularly,
the large mass of invasive plants accumulated behind the barrier
is perfectly detected [see Fig. 10(a)]. On the contrary, when
the training samples from February (set 2) and March (set 3)
are used, the invasive plants are hardly detected. This can be
seen in Fig. 9; with the July 2019 training set, almost no water
hyacinth is detected in February and March. On the other hand,
the use of training samples collected in December (set 4) also
seems suitable for accurate detection of hyacinth in the S2 image
acquired in July, as shown in Fig. 10(a). This is confirmed by

Fig. 8. (a) S2 image was collected at the same date as the PNOA reference
image. (b) Water hyacinth detection results on the S2 image.

the correlation of the plots obtained after using the December
and July training sets in Fig. 9. However, no correlation can be
appreciated from August to December.

According to the results in Fig. 9, with the set of samples
collected in July, no hyacinth could be detected in February.
However, as shown in Fig. 10, invasive plants can be seen in the
S2 images. It should be noted that, in February, the hyacynth
is in a period of vegetative standstill and has brown color. With
the samples collected in February (set 2), the detection results
are accurate. With the samples collected in March (set 3), the
hyacinth can be also detected, but not in all covered areas. The
same happens with the samples collected in December (set 4),
i.e., the invasive plants cannot be detected in the February image.

As shown in Fig. 2, in March, the plant starts flowering. As
shown in Fig. 9, with the samples collected in July, the plants are
not detected in March. On the contrary, as shown in Fig. 10(c),
the plant appears in brown and green colors. Consequently, there
is a need to collect training samples in March, since set 3 is the
only training set that allows for a correct detection of the water
hyacinth in this period. In other words, to avoid nondetections of
water hyacinth in February and March, we need training samples
collected in those months (although the corresponding sets do
not describe well the status of the plant in the rest of the months
of the year).

Finally, as we can see in Fig. 10(d), the water hyacinth appears
with green color in December and can only be correctly detected
with the training samples collected on the same month (set 4).
These detection results can also be appreciated in Fig. 9. Similar
results were obtained in the two analyzed years, revealing that
the seasonal behavior of water hyacinth is quite stable.

C. Interpretation of Water Hyacinth Dynamics

In this section, we discuss the dynamics of the invasive plant
over time, taking as reference Fig. 11 that reports the detection
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Fig. 9. Water hyacinth detection results (% of pixels detected in the ROI, excluding no-data values) for the time series (2019–2021) using the considered training
sets: Set 1 (July 11, 2019), set 2 (February 6, 2019), set 3 (March 28, 2019), and set 4 (December 28, 2019).

Fig. 10. Results obtained after applying the CNN to the S2 images acquired on the following dates. (a) July 11, 2019. (b) February 6, 2019. (c) March 28, 2019.
(d) December 28, 2019. Pixels containing water hyacinth on the surface of the river are marked in red. For each image, we show the detection results obtained
by using different training sets; samples collected on July 11, 2019 (set 1), February 6, 2019 (set 2), March 28, 2019 (set 3), and December 28, 2019 (set 4). The
images are visualized in natural color (RGB).
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Fig. 11. Percentage of pixels of water hyacinth in the ROI (excluding no-data values) obtained for the full time series (2019–2021) in each considered experiment.

results over the complete time series for each considered
experiment.

1) Experiment 1: The dynamics followed by the water hy-
acinth in the considered time series can be well-understood in
the period from May to November. The plant first experiences
a growth period, and then the percentage of pixels occupied by
this invasive plant decreases. The increase is observed during the
vegetative growth period of the plant, and the decrease happens
when the vegetative rest period starts. On the contrary, little or no
presence of water hyacinth was detected during the first months
of the year (from January to May). Fewer invasive plants are
also detected in December.

2) Experiment 2: This experiment also reveals an expected
dynamic of increase and subsequent decrease of the number of
pixels containing invasive plants in the input images collected
along the year. Specifically, the percentage of pixels occupied by
the invasive plant decreases until the vegetative growth period
starts. When the change of vegetative growth phase happens, it
increases until reaching a period of maximum occupancy, and
then decreases again at the beginning of the vegetative dormancy
phase.

3) Experiment 3: This experiment reveals a similar pattern
as experiment 2. However, it is observed that the percentage
of water hyacinth pixels decreases over the complete time
series.

D. CNN Model Assessment

To assess that the considered CNN model can detect water
hyacinth, this section conducts a more detailed assessment of
such model. As shown in Fig. 8, the detection results obtained
by the CNN can be assessed by comparisons with the PNOA
high-resolution image. The S2 images allow identifying the
masses of water hyacinth on the surface of the river (see Fig. 12).
This visual verification has been complemented with reports
provided from the CHG [30]. Moreover, the results are supported

Fig. 12. Some training samples collected for water hyacinth in different
training sets. (a) July 11, 2019 (set 1). (b) February 6, 2019 (set 2). (c) March
28, 2019 (set 3). (d) December 28, 2019 (set 4).

by the natural trend of the water hyacinth growth over the year,
as shown in Fig. 2.

All the output images obtained by the CNN model in each
experiment (a total of 186 images, 62 per experiment) have been
carefully analyzed. However, we only display output images
that exhibit important changes in the dynamics of the invasive
plant for simplicity. These selected output images are shown in
Fig. 13. Specifically, we show images from each experiment for
different acquisition dates. Fig. 13 also includes a reproduction
of Fig. 11 from the previous section to facilitate the evaluation
of the results. Some considerations are given as follows for each
individual experiment.
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Fig. 13. Water hyacinth detection results on some acquisition dates included in the studied time series. (a) February 6, 2019. (b) March 28, 2019. (c) May 2,
2019. (d) August 5, 2019. (e) December 3, 2019. (f) December 28, 2019. (g) February 16, 2020. (h) June 10, 2020. (i) September 28, 2020. (j) January 16, 2020.

1) Experiment 1: It can be verified that with the set of training
samples of experiment 1, no water hyacinth can be detected in
the first months of the year (i.e., February and March) when
it is present on the surface of the river. From May to October,
the surface area detected by the CNN coincides with the one
that can be seen in the satellite image. According to the CHG,
the hyacinth reached its maximum occupation in the summer
months [as shown in Fig. 13(d)]. In December, parts of the inva-
sive plants that are present are actually detected [see Fig. 13(e)
and (f)].

2) Experiments 2 and 3: In these two experiments, we detect
all the water hyacinth that can be seen in the images acquired
from S2 [as shown in Fig. 13(a)–(j)]. A sharp rise in the amount
of hyacinth can be observed by the end of December, as it
can be seen from the S2 image in Fig. 13(f). Far from being a
prediction error, according to technical information from CHG
technicians, on that date, the water hyacinth containment barrier
was operating at full capacity, accumulating the invasive plants
brought by the upstream current for its subsequent removal from
the riverbed by mechanical means. Experiments 2 and 3 actually
confirm this fact. In addition, according to the CHG reports,
this study zone was considered to be free of invasive plants in
December 2020, because they were removed with the change

of phase. Taking into account this situation, CHG changed the
status to pre-eradication and early warning. When we use the
training samples collected in December (experiment 3), the
obtained results indicate that the water surface is free from these
plants on those dates.

V. DISCUSSION

Results of experiment 1 reveal a successful monitoring of
the study area affected by water hyacinth, because with only
a few training samples (collected from a single S2 image), it
was possible to detect the existing masses of invasive plants
in the seasonal growth periods of the entire two-year period
analyzed. The detection was not accurate on the periods of
dormancy of these plants. However, if accurate detection of
water hyacinth in all months of the year is necessary, experiments
2 and 3 are needed. As reported in [62], the temporal variations
of the plant (due to its phenology) may limit the transferability
of the predictive models through time. To avoid this, in this
study, we collect training samples in specific months to consider
multiple phenological phases of the plant. In other words, with
a training set in which the water hyacinth samples come from
the same date, it is not possible to detect water hyacinth in the
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rest of the months of the year. As it was concluded in [43],
the accuracy of aquatic weeds mapping by using remote sensing
techniques can be improved by dividing the variability of species
into phenological stages. Therefore, it is necessary to collect
training samples in specific months in order to take into account
the phenological behavior of the plant, which varies depending
on the actual month being monitored.

In the analysis of S2 images from the time series considered in
this study (2019–2021), checking the natural RGB color display
(what the human eye perceives) can provide information about
the state of the plant. During the months of January and February,
when the plants are at the end of their phenological cycle, they
appear in brown color. The plants become green in March and
April. They remain green from May onwards, when they are
in their vegetative growth stage, until the end of the year. It
was therefore necessary to collect samples in July, December,
February, and March to make sure that water hyacinth is properly
detected throughout the year.

In order to choose the best training set for predicting the
aquatic weeds in the time series, it was necessary to collect sam-
ples in December, February, and March. During these months,
the aquatic weeds can be clearly seen, so it is easier to know
where it is better to collect the training set from a specific date.
This is particularly the case for February. In other dates, the
detection results are not clear (e.g., with the March samples, we
can obtain good detection results until the end of April).

Focusing on the color nature of the samples, our experiments
reveal that samples with different colors are needed in order to
obtain accurate detection results. This was suggested in [46]. It
was also shown in [52] that the spectral signature of water hy-
acinth is clearly different in the wet and dry seasons. In our study,
we found that samples from July allow for a correct identification
of the plant when it appears in green color (from July to Decem-
ber). Quite opposite, when the plant appears in brown color,
the detection results improve when we incorporate the training
samples collected at the end of December, February, and March.

VI. CONCLUSION

In this work, we have modeled the spatiotemporal distribution
of invasive plants (water hyacinth) in the Guadiana river (Spain)
over the period 2019–2021. It has been shown that monitoring
the distribution of hyacinth does not require field observations. In
fact, the status of the plant can be monitored every five days using
medium spatial resolution images, such as those collected by
ESA’s S2 satellite. We also demonstrated that it is only necessary
to train the considered predictive model (CNN) once, using a
high-resolution image (in our case, the PNOA image) to extract
the most representative samples in the study area. This allows
us to separate invasive plants from other land cover surfaces
(such as water, soil, and other kinds of vegetation) for a period
of at least two years. To detect the water hyacinth at different
stages of its biological life cycle (considering that they exhibit
different spectral signatures), a comprehensive training set was
collected by visual interpretation of the S2 images. As a result,
very few training samples are needed to make predictions in the
subsequent year.

In future studies, we will consider other high spatial resolution
images to quantitatively assess the obtained results via synthetic
ground truth images.
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