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Abstract: The main objective of this work was to develop a viewer with web output, through which
the changes experienced by the mangroves of the Gran Humedal del Norte de Ciego de Avila (GH-
NCA) can be evaluated from remote sensors, contributing to the understanding of the spatiotemporal
variability of their vegetative dynamics. The achievement of this objective is supported by the use of
open-source technologies such as MapStore, GeoServer and Django, as well as Google Earth Engine,
which combine to offer a robust and technologically independent solution to the problem. In this
context, it was decided to adopt an action model aimed at automating the workflow steps related to
data preprocessing, downloading, and publishing. A visualizer with web output (Geospatial System
for Monitoring Mangrove Ecosystems or SIGMEM) is developed for the first time, evaluating changes
in an area of central Cuba from different vegetation indices. The evaluation of the machine learning
classifiers Random Forest and Naive Bayes for the automated mapping of mangroves highlighted the
ability of Random Forest to discriminate between areas occupied by mangroves and other coverages
with an Overall Accuracy (OA) of 94.11%, surpassing the 89.85% of Naive Bayes. The estimated net
change based on the year 2020 of the areas determined during the classification process showed a de-
crease of 5138.17 ha in the year 2023 and 2831.76 ha in the year 2022. This tool will be fundamental for
researchers, decision makers, and students, contributing to new research proposals and sustainable
management of mangroves in Cuba and the Caribbean.

Keywords: mangrove; Sentinel-2; webvisor; machine learning

1. Introduction

Ecosystems and their environmental services are increasingly vulnerable to significant
transformations due to changes in the global climate. For example, shifts in temperature
and precipitation regimes are expected to trigger environmental modifications, which will
consequently affect the behavior of the organisms that in habitat these ecosystems. Thus,
it is essential to plan and implement actions focused on protecting the valuable resources
contained in these ecosystems. In comparison to larger land areas, the impacts and risks
driven by climate change are often greater for small islands. This is primarily because they
are surrounded by ocean, have relatively small land masses, and are frequently remote
from more densely populated regions, which limits their global connectivity [1]. In the
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Caribbean region, Cuba is an archipelago with the largest island of the same name in the
region and it stands out for its extraordinary species richness and considerable level of
endemism, ranking first in the West Indies for endemism of higher plants [2]. That is why
Cuba has established a robust System of Protected Areas (PAs) that interacts both nationally
and internationally. Among the Cuban PAs, wetlands stand out, with the Gran Humedal
del Norte de Ciego de Ávila (GHNCA) among the most important. Due to its exceptional
natural values, it was designated as the Ramsar Site No. 1235 on November 18, 2002, in
agreement with Article 2.1 of the Convention on Wetlands [2].

Within the GHNCA, there are six PAs: Cayo Coco Central West Ecological Reserve,
Monte El Coy Managed Floristic Reserve, Loma de Cunagua, El Venero, Laguna La Re-
donda, and Laguna de la Leche. The last four of these protected areas belong to the
Fauna Refuge category due to migratory birds, endemic species, and endangered species
protection. From a socioeconomic perspective, the richness of its marine platform and
its landscape values makes this wetland home of one of the most important tourist cen-
ters in the country, Jardines del Rey. Additionally, it is also an important supplier of
fishing resources.

One of the most relevant ecosystems within the GHNCA is the mangrove forest. It
stands out for its extensive area, wide spatial distribution, and great variety of species it
shelters. Mangroves also play an important role in facing disasters, acting as one of the
four natural barriers that help to mitigate the impacts of waves generated by hurricanes
that pass through the north. However, at the same time, hurricanes also negatively impact
the health of mangroves. These considerations confirm the importance of mangroves and
the need for their protection and conservation. [3].

In 2017, hurricane Irma caused large floods in several islands of the Caribbean, with
significant differences between flooded areas in urbanized and non-urbanized sites. On
Saint Martin Island, for example, the recovery of damaged mangroves was slower in
healthy mangrove forests than that of those affected by anthropic development [4]. In
Cuba, strong winds and coastal flooding generated by this system caused severe damage to
coastal settlements. However, the town of Punta Alegre located in the northwest of Ciego
de Avila province was protected by mangrove forests of the GHNCA, located to the north
of the town [5].

The first spatial analyses of mangrove ecosystems began in the second half of the
20th century; however, despite their importance, it is a topic that is little studied to date.
Godoy [6] studied the distribution and composition of a mangrove forest on the Pacific
coast of Guatemala, and Jiménez [7] briefly described the mangrove communities on the
coast of El Salvador. The study of mangroves in Cuba has been more focused on the use
of data taken in fieldwork, and the application of remote sensing in the analysis of the
spatiotemporal distribution of mangrove forests is recognized, given the potential and
benefits of the technique in this type of research [8,9].

Currently, the most widespread method for studying and monitoring mangrove
forests is through the application of remote sensing techniques (e.g., [10–12]), particularly
when considering the high costs of resources involved in traditional field surveys [13]
given the inaccessible nature, dynamics, and extent of these ecosystems [14,15]. Given
the vast size of Cuba and the extensive area occupied by mangroves (~450,000 ha), which
represent 5% of the country’s surface and 11% of the forested area [16], the application
of these methods is crucial. On the other hand, almost 50% of Cuba’s surface area is
dedicated to agricultural development, because it is a prioritized economic sector. However,
runoff resulting from agricultural practices frequently flows into coastal mangrove forests,
affecting these important ecosystems [17]. The GHNCA is also affected by the agricultural
sector, in addition to the pollution associated with other socioeconomic activities. Although
this PA extends across five municipalities (Chambas, Morón, Ciro Redondo, Bolivia, and
Primero de Enero) of the province of Ciego de Avila, the mangroves of Morón are the
most affected, due to higher levels of industrial development and health-related pollutants.
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Furthermore, tourism development has also affected the region, particularly the northern
keys of the province.

In recent years, there has been an increasing need to continuously monitor the struc-
tural and physiological changes occurring in mangrove forests, using appropriate ways to
conserve them at minimal economic and temporal costs [18].

Kuenzer et al. [19] conducted a comprehensive review of mangrove ecosystem research
using remote sensing techniques. In their analysis, they highlighted both the potentialities
and limitations of this methodology, emphasizing especially the advantages it offers for
the study and monitoring of these ecosystems. Despite the wealth of information available
globally, it is important to note that in Cuba, research in this area is remarkably scarce [20].
This lack of studies limits our understanding of Cuban mangroves and their dynamics,
as well as the ability to implement effective conservation and sustainable management
strategies. Therefore, it is crucial to encourage research in remote sensing applied to
mangroves in Cuba to take advantage of the opportunities that this technique offers.

One of the main problems with the effective management of the information provided
by specialists in remote sensing methods is that it is a difficult process to learn for most
people, sometimes tedious, and requires a high qualification to perform it [18,21]. For
these reasons, WebGis-based platforms (which can be more accessible to decision makers)
have been used for different purposes and spread around the world. Some researchers
have built these platforms to support integrated coastal management activities [21,22],
coral reef fisheries management [23], and mangrove forest management [24–26]. SIGMEM,
as a WebGis tool, provides greater data transparency, versatility, comprehension, and
ease of use by users inconsistent with the use of GIS and remote sensing techniques, in
addition to improving the efficiency of data processing, which will allow rapid, accurate,
and inexpensive monitoring of physiological and spatiotemporal changes in the mangrove
forests of the GHNCA.

Limited studies of mangrove forests in the GHNCA confirm the need to introduce
remote sensing techniques for their study and monitoring. Thus, the main objective of this
work is to develop a web-based viewer that enables the assessment and understanding of
the spatiotemporal variability of the mangrove forest dynamics. To achieve this, changes
in deforestation, growth, etc., will be considered as experienced by the mangrove forests
that can be evaluated from remote sensing data. The outputs of this application will
provide a baseline for this important ecosystem, permitting spatiotemporal comparisons
of the mangrove’s health. This analysis also involves the attribution of mangrove health
changes due to the influence of crucial hydrometeorological variables in the context of
climate change, such as the mean sea level, temperature, precipitation, etc., as well as
human-induced impacts that may lead to the need of more precise management measures.

2. Materials and Methods
2.1. Study Zone

The GHNCA is located in the province of Ciego de Avila, in the center of Cuba. It
covers the territories along the marshy area near the coast (Figure 1), including parts from
the municipalities of Bolivia, Primero de Enero, Morón, Ciro Redondo, and a small part of
Chambas [27,28]. In the territory of Morón, it includes sites of ecological interest, such as
the natural lagoons of La Leche and La Redonda, and extends to the marshy area near the
mouth of the Chicola channel also including the Coco and Guillermo keys. It is bordered to
the north by the Old Bahamas Canal; to the south by the Morón groundwater basin and
the surface basins of the El Calvario, Naranjo, Robles and Cimarrones rivers, La Yana and
several sub-basins of drainage canals that flow into the wetland; to the east by the Caonao
River basin; and to the west by the Chambas River basin. The GHNCA has a surface area of
686.59 km2 not including the northern keys [27,28]. Overall, the area extends about 40 km
inland from the Big Island, covering most of the coast, the immediate maritime zone, and
adjacent cays in this area.
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Figure 1. Location of the Gran Humedal del Norte de Ciego de Ávila (GHNCA), Cuba.

The precipitation regime of the GHNCA, like the rest of the country, is characterized
by two annual periods, a rainy one from May to October and a dry one from November to
April. Based on data from the Cayo Coco meteorological station, located within the limits
of the GHNCA, the climatological values of some atmospheric variables were calculated.
The annual average temperature is 26.1 ◦C. The coldest month is January with an average
temperature of 23.4 ◦C, while the hottest month is July, averaging 28.6 ◦C. The average
annual rainfall oscillates around 1574.0 mm, with minimum values ranging between
32 and 91 mm during the dry period, and the highest accumulated rainfall is October,
with 165.8 mm. More information regarding the climatic conditions can be consulted in
Gómez-Martín et al. [29].

Other studies also inform other characteristics of the study area, such as the description
of the physical–geographical characteristics, flora, and fauna [30]; the status of hydrochem-
ical water quality [31]; the diagnosis of the hydrological situation of the area; and the
management of the wetland’s waters to minimize its effects [28].

A spectral analysis of vegetation indices for mangrove forests in Cuba showed that
the GHNCA stands out, only behind the Cienega de Zapata Wetland, for its vegetative
dynamics and extent of mangrove areas [20]. These serve as habitat for a high fauna
that makes the GHNCA stand out at a national level [32]. However, the mangroves of
the GHNCA are vulnerable not only to hydroclimatic changes and extremes, but also to
anthropic action. The Jardines del Rey archipelago, which is part of the GHNCA, has been
exploited for tourism purposes since the 1990s. The prospecting and exploitation of new
keys is still ongoing; together with urbanization, there has been deterioration of natural
areas and esthetic degradation of the rural landscape, affecting their biological diversity [33].
In the GHNCA, hydrotechnical works have been inserted for socioeconomic interests, and
specifically for tourism, so water exchange works have had to be carried out to promote
the development of the mangrove ecosystem associated with the wetland [34,35].

This study was performed following the steps shown in Figure 2. The main elements
of this flowchart are described in the subsequent sections, namely, “Training, Validation,
and Selection of Optimal Classification Model” (Section 2.2); “Obtaining Cloud-Free Image
Compositions and Spectral Indices” (Section 2.3), and “Publication of Geospatial Data as a
Web Service” (Section 2.4).
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2.2. Training, Validation, and Selection of Optimal Classification Model

This section describes the field and satellite data used for training and validation of
the classification algorithms, as well as the specific classification process carried out to
select the most optimal classifier.

2.2.1. Satellite Data

To map the spatial distribution of the mangrove ecosystem in the GHNCA, we used
Sentinel-2 surface reflectance level 2A (MSI) products (Table 1) [36], which were geo-
metrically corrected to WGS 84/UTM zone 17N, eliminating the need for radiometric or
geometric correction. Mangrove ecosystems show little spatial and structural variation over
a year [37–39]; it was therefore decided to compose annual images for the corresponding
period between 2020 and 2023. Images with a cloud percentage lower than 30% were
selected, and a cloud mask was initially applied from the “QA60” band, which stores the
cloud cover information. Afterward, a second filter was applied using the Scene Classifi-
cation Map (SCL) product for eliminating pixels with values equal to 0, 1, 3, 8, 9, 10, and
11 (no data, saturated or defective pixel, cloud shadows, cloud medium probability, cloud
high probability, thin cirrus, and snow or ice). The median of each of the spectral bands
was then calculated, obtaining annual cloud-free images for the study area. The spectral
bands of the visible (blue (B), green (G), and red (R)), red edge (Red.edge 1, Red.edge 2,
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and Red.edge 3), near-infrared (NIR, nNIR), and shortwave infrared (SWIR1 and SWIR2)
regions were selected. All bands were resampled to a spatial resolution of 10 m, and
50 spectral indices used in the classification model were retrieved from the selected bands.
The entire process was developed on the Google Earth Engine (GEE) cloud computing
platform [40,41].

Table 1. Spectral and spatial characteristics of the MultiSpectral Instrument (MSI) sensor aboard the
Sentinel-2 mission.

S2A Bands Central Wavelength
(nm) Bandwidth (nm) Spatial Resolution

(m)

B1 (Coastal aerosol) 442.7 21 60
B2 (Blue) 492.4 66 10

B3 (Green) 559.8 36 10
B4 (Red) 664.6 31 10

B5 (Red.edge 1) 704.1 15 20
B6 (Red.edge 2) 740.5 15 20
B7 (Red.edge 3) 782.8 20 20

B8 (NIR) 832.8 106 10
B8a (nNIR) 864.7 21 20

B9 (Water vapor) 945.1 20 60
B10 (Cirrus) 1373.5 31 60
B11 SWIR 1 1613.7 91 20
B12 SWIR 2 2202.4 175 20

2.2.2. Reference Data

The GHNCA survey began in 2020. Each month, georeferenced points were located
with a Topcon HiPer SR precision GNSS receiver. From 2020 to 2023, the cover class
(mangrove/non-mangrove) was identified at each of the points, placing greater emphasis
on the areas occupied by mangrove varieties. The sampling points were homogeneously
located over the entire study area. Due to difficult access in some regions, it was necessary
to locate some points using visual interpretation of Sentinel-2 images. To distinguish
mangrove-covered areas from the rest of the vegetation in the study area, the following
band combinations were used: (i) NIR-Red-Green and (ii) SWIR1-NIR-Red. In the first
combination, the mangrove can be clearly differentiated from the rest of the vegetation
because the mangrove appeared in the image as a dark red and the rest of the plant
species appeared as light red. In the second combination, the regions covered by mangrove
appeared as a more intense green, while the rest of the vegetation appeared as a lighter
green. A total of 5517 reference points were identified, with 2781 of them classified as
“mangrove” class and 2736 as “non-mangrove” (Figure 3).

2.2.3. Obtaining Spectral Index

According to Gilabert et al. [42], a vegetation index can be defined as a parameter de-
rived from the reflectivity values at different wavelengths, designed to extract information
related to vegetation while minimizing the influence of disturbances such as those caused
by soil and atmospheric conditions.

These indices exploit especially a peculiar behavior presented by vegetation in the red
and near-infrared regions [8,9]. In this context, the present study utilizes various vegetation
indices to analyze biophysical variables within the mangrove ecosystem of the study area.
These four indices used are the Normalized Difference Vegetation Index (NDVI), Enhanced
Vegetation Index (EVI), Canopy Level Chlorophyll Content Index (CCCI), and Normalized
Difference Moisture Index (NDMI). The NDVI is calculated as the normalized difference
between the red and near-infrared bands, ranging from (1) to (−1). This index, proposed
by [43], is particularly susceptible to soil influence and has become the most widely used



Remote Sens. 2024, 16, 3802 7 of 25

in remote sensing [8]. Its calculation is very simple to implement, as evidenced in the
following equation:

NDVI = (B8 − B4)/(B8 + B4) (1)
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Figure 3. Spatial distribution of the reference points taken in the GHNCA. Green dots indicate
mangrove class and red dots non-mangrove.

EVI, like NDVI, is related to the fraction of photosynthetically active radiation inter-
cepted by vegetation [44]. It is aimed at improving sensitivity to differences in vegetation
cover and providing a more accurate measurement of vegetation density in areas where
vegetation is dense. Its formulation is described below as follows:

EVI = 2.5 × ((B8 − B4)/(B8 + 6 × B4 − 7.5 × B2 + 1) (2)

The CCCI has an indicator function of plant health and primary productivity, being
considered the most relevant plant property for the estimation of productivity [45].

CCCI = ((B9 − B5)/(B9 + B5 ))/((B9 − B4)/(B9 + B4)) (3)

The NDMI [46] relates the SWIR1 shortwave infrared band of the Sentinel-2 satellite
to the green band of the same satellite. The formulation for this index is as follows:

NDMI =
B8 − B11
B11 + B8

(4)

2.2.4. Classification Process

To perform the mangrove forest classification, the reference observations collected
between the years 2020 and 2023 in conjunction with Sentinel-2-derived spectral data
(B2–B8A and B11–B12) and the vegetation indices calculated were pooled into one database.
With this, we ensured data consistency, better representation of classes to capture temporal
and spatial variations, and a larger database, which allows for efficient training of robust
models, such as RF. A total of 80% and 20% of the data were used for training and validating
the results, respectively. These were generated by stratified random partitioning based on
the number of reference points with mangrove/non-mangrove to ensure the same propor-
tion of both cover classes in both sets. In the training set, 4413 observations were pooled
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(2250 mangrove and 2163 non-mangrove), and in the validation set, 1104 observations were
distributed in 531 of the mangrove class and 573 of the non-mangrove class. The CARET
library [39–41] was used to perform this.

The automated classification process for mangrove forest mapping is oriented within
the geovisor process flow using GEE. However, one of the main drawbacks encountered in
the classification processes in GEE is the inability to adjust the hyperparameters required
in each of the implemented algorithms [47]. To overcome this, the classification procedure
was carried out using R statistical software version 4.2.3 [48] to then use the optimal model
in GEE. From the group of existing algorithms within the GEE platform, Random Forest
and Naive Bayes were selected, following the criterion of evaluating a non-parametric
and a parametric algorithm on our dataset. The methodology and results provided by
RF and Bayesian networks are easier to understand in comparison to neural networks,
which are considered as “black boxes” because it is hard to figure out how they actually
make their decisions. The implementation of other techniques such as Support Vector
Machines, is also a challenge, as their results are also difficult to interpret, particularly the
uncertainties, whereas NB and RF models are more effective in this point. Random Forest
(RF) is a non-parametric algorithm that constructs a set of randomly grown trees, where
the predictions of individual trees are subsequently aggregated [49,50]. The Naive Bayes
(NB) algorithm, on the other hand, is a parametric algorithm based on the Bayes theorem
with the “naive” assumption of conditional independence between each pair of features
given the class variable [51].

Before training the classifiers, selecting the most influential spectral indices and dis-
carding the weak features was required. For this step, the model-based recursive variable
elimination method [52] was used, employing the RF model with a bootstrapping resam-
pling method with 10 repetitions. From the “top” of 10 spectral indices, the three most
important ones were selected, because from the third predictor onward, the improvement
was minimal: (i) NDVI [53], (ii) RDVI [54,55], and (iii) NDWI [56]. The starting model
consisted of the 10 spectral bands and the three selected indices (Figure 4).
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The optimization of the classifier hyperparameters was performed by randomly search-
ing the parameter space of the training data by sampling 10 random combinations. To carry
on the following evaluation, a cross-validation (CV) with three replicates was implemented.
By optimizing the hyperparameters and evaluating the model on multiple subsets, a bal-
ance between fit and generalization is sought. This reduces the risk of overfitting the model
to the peculiarities of the training data.

The classification accuracies of each machine learning algorithm were evaluated using
the confusion matrix [57,58] and the Kappa statistic [59]. Afterward, the overall accuracy
(OA, in %), F1 scores [60,61], user and producer accuracy, and errors of omission and
commission were calculated from the confusion matrix [62]. The estimated results and
overall performance of the classifiers were further evaluated using McNemar’s [63,64]
two-tailed non-parametric statistical test at a confidence level of 95%. McNemar’s test
is based on the calculation of the X2 distribution and is commonly used to compare the
classification errors between two classifiers. We considered a statistical difference when the
values of McNemar’s test exceeded 3.84, with a confidence level of 95% [50,65].

2.3. Obtaining Cloud-Free Image Compositions and Spectral Indices

Spectral vegetation indices (VIs) have been used in the field of remote sensing since
the early days of remote sensing as an indirect way of estimating biophysical vegetation
variables [66]. These indices, based on remotely sensed data, exploit the high contrast
between the red and near-infrared (NIR) bands of vegetation [53]. Optical images derived
from satellite remote sensing are used to estimate VIs. During the evaluation of their
usability, it is essential to consider the cloud cover present in the scenes. The processes
described in this section were incorporated within the general flow (right branch of Figure 2)
and, as can be seen, their execution, with a quarterly frequency, is independent and parallel
to that of the classification. All geospatial analyses related to cloud masking, image
compositing, and spectral index calculations were conducted using GEE. This platform
combines a catalog of several petabytes of satellite imagery, along with geospatial datasets
with planetary-scale analysis capabilities. In addition, it is free to use for academic and
research purposes.

Obtaining Cloud-Free Image Compositions

The presence of clouds in the scene produces alterations in the surface reflectance
(SR) measurements and the derived magnitudes such as the vegetation indices and digital
canopy classification. In addition to clouds, shadows cast by clouds also invalidate the
use of the data in certain regions of the images. Consequently, detecting clouds and their
associated shadows is a crucial processing step in the preprocessing of optical images. These
tasks have been deserving of extensive research efforts by the scientific community [67].

The COPERNICUS/S2_CLOUD_PROBABILITY collection was used for cloud de-
tection and masking in this work [68]. These images have a single band called “prob-
ability” whose values are distributed from 0 to 100, indicating the probability that the
pixel is covered by clouds. The generation of the images of this collection is performed
using the Python (v3.12.7) library called s2cloudless. This algorithm was developed
by the EOResearch team at Sinergise and is published under the MIT license on https:
//github.com/sentinel-hub/sentinel2-cloud-detector (accessed on 9 October 2024). The
effectiveness of this algorithm is discussed in a comparative study [69] conducted as part
of the Cloud Mask Intercomparison eXercise (CMIX), where the performance of several
algorithms for cloud detection was evaluated using a standard set of different metrics,
derived from the following confusion matrices: Overall Accuracy (OA), Balanced Over-
all Accuracy (BOA), Producer Accuracy (PA), and User Accuracy (UA). The S2cloudless
algorithm, specifically, was contrasted on four datasets: CESBIO, GSFC, Hollstein, and
PixBox (https://calvalportal.ceos.org/cmix-sites, accessed on 9 October 2024). The average
result for the accuracy of the S2cloudless algorithm in each of the metrics was OA = 89.02,
BOA = 88.77, PA = 84.5, and UA = 94.9. This algorithm obtained the best accuracy in terms

https://github.com/sentinel-hub/sentinel2-cloud-detector
https://github.com/sentinel-hub/sentinel2-cloud-detector
https://calvalportal.ceos.org/cmix-sites
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of the relationship between the PA and UA metrics. According to the CMIX results, the
greatest difficulties are found in the detection of thin and semi-transparent clouds, which is
a common problem for current cloud detection algorithms. These datasets capture the spa-
tial and temporal variability necessary to characterize the effectiveness of the proven cloud
detection algorithms and, in particular, S2cloudless, so it can be assumed that the results of
the metrics are generalizable and applicable to the spatial and temporal environment of the
study area.

The optical images used were those corresponding to the COPERNICUS/S2_SR_
HARMONIZED collection [70]. Each image in this collection has 12 spectral bands that
represent the SR scaled by 10,000. There are also several bands more specific to the L2
processing level. In addition, there are three quality control bands present, where one
(QA60) is a bitmask band with cloud mask information created under spectral criteria [71].

The process began by filtering the data from the COPERNICUS/S2_SR_HARMONIZED
and COPERNICUS/S2_CLOUD_PROBABILITY collections by date and region of interest.
To ensure that the percentage of cloud-covered pixels (CLOUDY_PIXEL_PERCENTAGE)
did not exceed a predetermined threshold (CLOUD_FILTER), an initial filter was applied
to the first collection.

From the resulting images, a new collection was created by combining the matching
images in the “system:index” field. Afterward, a new band called “s2cloudless” that
contains information about the cloud cover probability is added to each image of the
first collection. In this band, the “probability” band is compared with the previously set
threshold (CLD_PRB_THRESH). Finally, a “probability” band is added to the processed
image, together with another band labeled “clouds” if the CLD_PRB_THRESH value
exceeded the “probability” value.

It is important to detect and mask shadow zones produced by clouds in addition to
identifying the clouds themselves. To achieve this, we utilized the spectral properties of the
NIR band. In this case, surface radiance values are compared with a previously established
limit. Water bodies exhibit a spectral behavior similar to the shaded areas, so it is necessary
to previously disregard these regions in the analysis. The above procedure returned areas
with low levels of surface radiance that are visually characterized as dark pixels.

The projection of a cloud’s shadow must be projected in the same direction as the
sunlight incidence. This assumption is used as a criterion to accurately identify and select
areas that are truly covered by cloud shadows. To apply this criterion, the most probable
direction and distance of the shadow’s projection in the UTM (Universal Transverse Mer-
cator) system is determined. The sunlight incidence direction data are accessed through
the “MEAN_SOLAR_AZIMUTH_ANGLE” property of the images. The potential shadow
projection area is intersected with the dark pixels of the image and added as an additionally
labeled “shadow” in the processed image.

Finally, using the shadow and cloud band values, we created a binary mask band in
which pixels belonging to these classes are assigned a value of 1, while the rest are assigned
a value of 0. As a complementary task, very small cloud or shadow areas are eliminated
and the rest of the areas are dilated to obtain more homogeneous regions. Following the
previous procedure, the mask layer is applied to each band of the images to eliminate those
regions with a high probability of being covered by clouds or shadows.

During a three-month analysis period, an image is generated by calculating the median
of all images taken during this period. This process includes the detection and masking
of shadows and clouds, resulting in a final composite image that is free of any clouds
or shadows.

2.4. Publication of Geospatial Data as a Web Service

A service oriented toward web architecture was developed to enable access to the
information obtained through the above-mentioned procedures. It was achieved using
open-source technologies such as MapStore, Geoserver, Django, and PostgreSQL with its
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Postgis extension. These technologies allowed for technological independence during the
development of the work.

To ensure interoperability, international standards of the Open Geospatial Consor-
tium (OGC) were used for the exchange of geographic information. Figure 5 provides a
conceptual diagram of the web architecture employed.
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A web server was implemented using the Django framework for automating and
programming the algorithms. PostgresSQL is the database engine utilized, with its Postgis
spatial analysis support extension. GeoServer is used as the map server, which consumes
data from both PostgresSQL and the server’s local file system. The data are indexed using
metadata through the GeoNetwork metadata server and offered to users through a web
application called MapStore. The web interface accesses the Geoserver data through the
use of standards for the exchange of geographic information, including Web Map Service
(WMS), Web Feature Service (WFS), Web Coverage Service (WCS), and metadata through
Catalogue Service Web (CSW) offered by GeoNetwork.

The preprocessing and processing algorithms are performed from the Python client
library for GEE, earthengine-api. These algorithms are sent to be executed from the server
to the GEE platform after the authentication process is completed. Once the results of the
procedures are obtained, the resulting data are downloaded to the server’s local file system
and sent for publication in GeoServer.

The introduction and publication of data in GeoServer are performed through the
use of the REST API (Representational State Transfer Application Programming Interface).
This API allows clients to manage GeoServer without accessing the web administration
interface. The Python library used for these functions, named geoserver-rest, enabled the
creation, updating, and deletion of work areas, stores, layers, and styles. This allowed
for the publication of the data according to OGC standards, guaranteeing its subsequent
consumption by any authorized client.

Workflow Automation

One of the most outstanding elements of the developed architecture is the automated
workflow, which comprises the stages of data preprocessing, processing, downloading,
and publishing. The entire process is managed by scheduling tasks that are executed
asynchronously using Celery. Celery is an open-source tool used for real-time task manage-
ment [72,73] and is fully integrable with the Django framework.
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Four tasks with specific, well-established objectives were programmed within the
framework of the project:

1. Obtaining a composition of cloud-free images of the study area;
2. Obtaining spectral indices;
3. Downloading data in GeoTIFF format to the project’s Google Drive folder using the

Python PyDrive2 library;
4. Introduction of the images to GeoServer using the Python library geoserver-rest.

The general workflow executed the scheduled tasks at two specific points in time. The
components of the classification flow proposed in Section 2.2 are executed every 12 months.
On the other hand, the tasks of the workflow proposed in Sections 2.3 and 2.4 are executed
every three months. Tasks are configurable through the use of the Django administration
interface. A record is kept of the dates on which the tasks were executed, and the execution
interval is controlled by entering a timeout. This timeout is checked every 24 h by an
automatic process and is measured from the last execution time of the tasks.

We used the Python programming language to develop the proposed platform, and
the following libraries and frameworks for the execution of the different stages:

• earthengine-api: client library used for the execution of algorithms on the GEE platform;
• PyDrive: library for managing the Google Drive storage space corresponding to the

GEE project;
• geoserver-rest: client library for GeoServer management without the use of the

user interface;
• Django: a framework for developing web applications and scheduling automatic

execution tasks.

At the end of each execution cycle, it is possible to retrieve from the client platform
the information processed and published in GeoServer. This guarantees the availability of
the updated information within the established period.

3. Results
3.1. Mapping Mangrove Ecosystems with Sentinel-2 Imagery

The model combining spectral bands and selected spectral indices using the recursive
elimination method trained with RF proved to be the most efficient in classifying mangrove-
occupied areas (Table 2). The OA obtained with RF was 94.11%, with a PA > 95%. The Kappa
and F1 values obtained with RF were also very satisfactory (0.94 and 0.90, respectively).
Although inferior to those obtained with RF, the OA value achieved with NB was 89.85%
and the BP for the target class was above 90%. The Kappa values and F1 score achieved by
the NB classifier were 0.86 and 0.80, respectively.

Table 2. Overall accuracy results for Random Forest and Naive Bayes classifiers. Producer accuracy
(PA) values for the Mangrove class and overall accuracy (OA) are expressed in %. F1 score and Kappa
statistic are shown. McNemar’s comparison of classifier performances. Note: test values > 3.84 show
that a statistical difference exists at the 95% confidence level.

Model Algorithm OA (%) F1 Score Kappa PA (Mangrove)
(%)

McNemar
(RF vs. NB)

Spectral bands + spectral indices
(NDVI, RDVI, NDWI)

Random Forest 94.11 0.90 0.94 96.16
4.12Naive Bayes 89.85 0.80 0.86 92.01

The results of McNemar’s test confirmed that the differences in classification per-
formance between the two algorithms in the pairwise comparison (X2 0.05 = 4.12) were
statistically significant (Table 2). This result confirms that the overall accuracy of RF was
significantly higher than the accuracy obtained with NB.

After evaluating the classifiers and selecting the optimal one for mapping the areas
occupied by mangroves in the GHNCA using the R environment, we migrated to the GEE
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free platform and determined the occupied areas for each year from 2020 to 2023. The
largest estimated areas were for 2020 and 2021 with 27,239.86 and 27,811.30 ha, respectively,
followed by 2022 with 24,408.10 ha and 2023 with 22,101.69 ha (Figure 6). However, the
differences in estimated areas across these years are not statistically significant (p > 0.05).
Although the difference between the estimated areas of mangrove ecosystems in the GH-
NCA is not statistically significant, a decreasing trend is observed (Table 3). The net change
calculated based on the year 2020 shows a decrease of 5138.17 ha (−2.10%) in the year
2023 and in the year 2022 a decrease of 2831.76 ha (−1.16%). These annual changes can be
analyzed automatically using the viewer, as well as the changes in the health status of this
ecosystem within the mapped areas.
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Figure 6. Estimated mangrove areas in the GHN in Ciego de Avila, Cuba emulating Sentinel-2 images.
(A) 2020, (B) 2021, (C) 2022, and (D) 2023. Legend: the areas occupied by mangrove ecosystems
in each of the years are shown in red; the limits of the GHN of Ciego de Avila are shown in blue
dashed lines.

Table 3. Mangrove proportions for each year in hectares (ha) and percentage of total area. Overall net
mangrove changes in hectares (ha) and in percent (%), with 2020 being the base year.

Year Area (ha) % of the Total
Area

Net Change (ha)
Compared to 2020

Net Change (%)
Compared to 2020

2023 22,101.69 9.03 −5138.17 −2.10

2022 24,408.10 9.97 −2831.76 −1.16

2021 27,811.30 11.36 571.47 0.23

2020 27,239.86 11.13 - -

3.2. Web Geoviewer of the Great Wetland of the North of Ciego de Ávila

The development of the present work contributed fundamentally to generating the
data and developing the computer architecture necessary for the implementation of a
geovisor (Geospatial System for the Monitoring of the Mangrove Ecosystem or SIGMEM)
for the GHNCA. All the components that make up the computer architecture of the system
are deployed using Docker, a technology that allows an efficient deployment and scaling of
computer applications, with minimal resource consumption, among other benefits.
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Figure 7 shows an image of the client application of the SIGMEM geovisor. This
component allows users to access essential functions of analysis such as the search, vi-
sualization, and downloading of geographic information. The security is guaranteed for
each user through the use of access credentials. In this case, the WebGIS application used
is MapStore.
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Users have several options, including the execution of measurements, downloading
and loading of layers to and from different data sources, respectively, manipulating styles
and other visualization elements, and querying of layer attributes. Figure 8 demonstrates
that a prominent feature is the possibility of visualizing loaded data in 3D, provided that
they have elevation attributes or are provided in a relevant format.
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The implemented web client includes a metadata catalog service accessible from
the SIGMEM interface, allowing users to search and add layers to the map composition.
Figure 9 shows an example of the data available on the map server, which can be accessed
through the metadata tab of each resource.
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The layer comparison feature, characterized by a horizontally sliding bar that controls
the display of the selected layer, allows the visual inspection of the differences between
two different datasets. Figure 10 shows an example of the comparison between the classifi-
cation results for the years 2020 and 2021.
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Figure 10. Functionality for visual intercomparison of layers. The red line represents the limit of
the GHNCA.

Other benefits of the web client concerning layer attributes include the editing, filtering,
localizing by selection, and plotting. Figure 11 illustrates, in the lower region, the table of
attributes and the tools for the manipulation of these attributes.
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The composite image in Figure 12 shows the calculated indices for the July–August–
September quarter of 2023. The data are managed through the metadata service and
subsequently added as layers to the web map from GeoServer. Note that each of these
layers includes a legend that ensures the understanding of the symbology used to represent
the value of the calculated indices. The symbols are assigned from the map server using
the Styled Layer Descriptor (SLD) markup language.
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Figure 12. Vegetation Indices calculated in the GHN of Ciego de Avila, Cuba during the third quarter
of the year 2023 emulating Sentinel-2 images. (A) NDVI, (B) EVI, (C) NDMI, and (D) CCCI.

4. Discussion

The current research introduces a web-based viewer (SIGMEM) that for the first time
permits an assessment of the changes in mangroves within a specific area in Central Cuba.
The evaluation incorporates spatial and temporal variations based on various vegetation
indices. The use of Sentinel-2 images in this work, with a spatial resolution of 10 m, is
sufficient for a regional scale analysis, as they maintain spectral resolution that allows
the calculation of broadband indices, which are highly correlated with biochemical and
structural plant parameters [74,75]. Hamilton et al. [76] obtained a global scale map of
mangrove ecosystems using this type of imagery, and the results have been successfully
applied in international mangrove assessment programs.
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The results obtained in mapping the mangrove ecosystem coverage in the GHNCA
using annual composites of Sentinel-2 satellite images were considered satisfactory, achiev-
ing an OA of 94.11%, which is superior to results obtained in other mangrove mapping
studies [77–79]. Of the two algorithms evaluated for mangrove ecosystem mapping (RF
and NB), RF demonstrated superior performance compared to NB (Table 2). RF achieved
a higher PA value for the target class (mangrove) with 96.16% (lower error of omission),
which is 4.15% higher than the PA obtained with the NB classifier. Similarly, when com-
paring the OA, F1 score, and Kappa values, we observed that RF was superior to NB in
discriminating between the mangrove and non-mangrove classes, with an OA of 94.11%,
an F1 score of 0.90, and a Kappa of 0.94. With NB, the obtained OA values for these metrics
were 89.85%, 0.80, and 0.86, respectively.

Along the lines of classification for mangrove ecosystem mapping, both the RF and
NB algorithms have been widely used [78,80–87]. Consistent with the results achieved in
this study, various studies [79,88] have observed a superior performance of RF in mapping
regions occupied by mangrove ecosystems. These results indicate that the best algorithm
to use for mapping the areas occupied by mangroves in the GHNCA is RF. This conclusion
was supported by the results of McNemar’s non-parametric test in the pairwise comparison
between classifiers, with an X2 0.05 = 4.12 (overall accuracy of RF significantly higher than
that of NB).

In many remote sensing investigations, hundreds of indices have been applied, while
in our case, the number was limited to four (NDVI, EVI, CCCI, and NDMI). The selection
of the indices was made considering their characteristics and their previous applications in
mangrove studies [89–102].

The characterization of the indices was conducted considering mangroves as simple
vegetation cover; however, a mangrove forest is more complex. Its distribution is not
homogeneous, with the presence of fragmentations and patches of trees with different
characteristics (age, degree of development, and species composition), as well as the
presence of other types of vegetation [103]. This high heterogeneity generates a wide
dispersion of spectral values. Nevertheless, a satisfactory level of precision would be
achieved by comparing the distributions of the same index between different sites within the
area, while the comparisons between indices also provides information on their properties.
The indices also demonstrated a high relationship with forest cover density, which has been
exposed as one of the disadvantages of many indices [99]. In their study, [104] obtained
significant nonlinear relationships with the percent canopy cover for nine vegetation
indices, including NDVI. A significant linear relationship offers an advantage for assessing
the degree of vegetation cover; however, when projecting to describe other biophysical
parameters, this becomes a difficult variable to assess.

Comparing the spectral patterns of mangrove forests with other forest types helps to
corroborate the accuracy of vegetation indices for mapping studies. The combination of
spectral responses to different combinations of vegetation indices can contribute to form a
secondary spectral signature, which can jointly help to form a spectral library with practical
value. This library would be useful for discriminating and identifying different vegetation
formations. Despite this assertion, studies of the spectral signatures of different mangrove
species are very scarce [105]. However, the use of spectral data should not be limited to
observe and evaluate coverages and detect spatial and temporal changes [106]. Spectral
information can be very useful for conservation-directed research [96].

The tasks performed during preprocessing may vary depending on several factors,
such as the objectives pursued, the work methodology, and the primary data used. Bayo
et al. [107] conducted a spatiotemporal study to detect changes in mangrove forest cover in
Gambia over two decades (2000–2020) from Landsat imagery. There were three preprocess-
ing stages in this study (creation of the multiband image, elaboration of the mosaic, and
application of geometric corrections in the study area) and all were performed in ERDAS
Imagine desktop software. In agreement with [108], the use of remote sensing-oriented
desktop software (ERDAS, ENVI, eCognition, etc.) offers some challenges to overcome. The
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first is that many of these software require a license for their use and must be previously
installed, which can be cumbersome for some non-professional users. Secondly, there is a
high time consumption in the processes of downloading and preprocessing large volumes
of data on personal computers, which increases the complexity in proportion to the size
of the area studied. These difficulties were overcome [108], as in this study, by using the
GEE cloud computing platform. However, it should be noted that to use this platform,
some basic programming skills in JavaScript or Python are required. Chen et al. [109] used
GEE for the creation, from classification methods, of a mangrove forest map using, among
other elements, the modified Normalized Difference Water Index (mNDWI). The initial
data were extracted from optical images that were generated by Landsat 7–8 satellites and
radar images produced by the Sentinel-1 satellite, between 2014 and 2016. In this work, the
preprocessing is performed partly on GEE and partly on desktop software, mainly related
to the preparation of the radar data.

One of the critical aspects is the treatment of images with clouds, which is a challenge,
especially in regions that typically have high cloud cover. The authors of [110] found that a
major difficulty for the study of the mangrove is the availability of images with low cloud
cover. This issue is addressed in the present study by using algorithms for the masking and
removal of areas covered by clouds or their shadows [67,69,111]. In addition, the spectral
description of mangroves is not limited to the study area. This can be the starting point to
use the output of this work in other studies, such as those related to monitoring the health
status of these forests; for natural enjoyment in the context of tourism development; to
evaluate their ecosystem value in the face of disasters; or conversely to assess the impacts
received by hurricane incidences. Overall, the ability to study the dynamics of mangroves
and other vegetation types will continue to improve as more advanced sensors and new
algorithms for processing spectral data become available. SIGMEN is an initial version
of a project that will be further improved. For instance, we plan to include recent metrics
such as data from satellite observations of solar-induced chlorophyll fluorescence (SIF),
which have opened up an opportunity to assess the seasonality of plant growth from the
perspective of photosynthetic phenology [112,113]. This technique has even proven valid
for distinguishing mangrove species rather than considering them as a whole, contributing
to a better understanding of the photosynthetic mechanism of mangroves in subtropical
and tropical wetland ecosystems.

The growing development of technologies such as WebGIS, understood as a Geo-
graphic Information System that takes advantage of web technology to communicate
among its components [114], has had an impact on the way of studying phenomena whose
best interpretation is sustained in a spatiotemporal framework. For example, Sukojo and
Lisakiyanto [115] developed a WebGIS for early detection of potential forest fire outbreaks
in a region of Sumatra Island. The authors described the use of tools such as a web server
(XAMPP Control Panel), database manager (phpMyAdmin), and desktop Geographic
Information Systems (GIS) (QGIS) for the conversion between formats and JavaScript
web-mapping library (Leaflet). However, in the research report, there is no mention of the
use of any map server, Geoserver in the case of this study, for the standardization of the
data consumed by the client application.

The potential of cloud computing is reported by the authors of [116], who developed
a workflow for loading satellite data, carrying out specific processes, and generating the
desired products. This workflow implements a web viewer called Virtual Earth Laboratory
(VLab) that allows monitoring of water stress in Europe, as a demonstration of its feasibility.
All workflow results are stored in GeoServer, documented in GeoNetwork, and available
through the WebGIS MapStore. This system, like SIGMEN, allows, among other benefits,
the creation of control panels and personalized map compositions, which contributes to
better visualization of the results for end users. All this technology is open-source, robust,
and reliable, and its use is consistent, as is also observed in the study discussed here, which
also incorporates the use of others such as Django, PyDrive2, and geoserver-rest.
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Other technologies are employed by [117], this time focused on the development of
a web-based flood risk information system called WebFRIS for a district in eastern India.
This system is designed by using several open-source web tools and packages such as
Google Maps, PHP, MySQL, and JSON. The strength of the aforementioned study is that
the authors of the work pay attention to obtaining a friendly user interface design so that
said system can be easily accessible to any end user, regardless of their technical knowledge.
In this case, the use of open-source technologies, although different, is a point of agreement
with the study presented here.

The present work contributes to the idea of automating workflows in the investigation
of topics related to the spatiotemporal distribution of mangrove forests as a necessity in
current research. It is in agreement with Giri et al. [118], who argue that it is essential to
automate image preprocessing and processing tasks given the large amount of existing data.
There is a tendency toward automation in the era of intelligence, which according to the
taxonomy expressed by [114], is no longer oriented only to workflows to perform certain
processes or execute algorithms, but also toward greater automation in the construction
of ontologies that can then be used to generate knowledge and obtain information about
specific application/business processes. The present work does not have this scope and
is encompassed within the results obtained in the “cloud” era; however, recommended
is the evolution of efforts toward the development of products that offer a higher level of
usability among non-professional users, as described in the intelligence era [119].

The socioeconomic development of the Cuban archipelago has led to the implemen-
tation of various actions, mostly of an anthropic nature, which act as tensors on the func-
tioning of the mangrove ecosystem to the detriment of its health [120]. The construction
of roads and landfills for tourism infrastructure development (such as hotels and roads)
in Cayo Coco has impacted the mangrove ecosystem. In the first case, portions of the
forest have been enclosed, most of which have died due to increased salinity and the
decomposition of organic matter. The landfills have buried areas of mangroves, leading to
an irreversible loss [8]. Furthermore, tourism activities generate solid and liquid wastes
(such as wastewater) that, if not properly managed, can contaminate mangrove areas,
affecting their health and the biodiversity that depends on them [121]. Therefore, SIGMEN
represents an ideal tool for monitoring the changes in vegetative dynamics of the mangrove
forest in the GHNCA, which is crucial for the authorities in charge of its management.
SIGMEN will allow monitoring of changes in the vegetative dynamics of the mangrove and
will provide accurate information to the authorities in charge of its management for the
subsequent identification of the agents causing the damage, thus contributing to decision
making for the preservation of this ecosystem.

The results achieved in this study can be improved by incorporating procedures
characteristic of the era of WebGis Intelligence, offering the ability not only to display the
results but also to explain possible relationships, causes, and consequences of these results
in a high-level, human-accessible language. It is possible to implement other technologies in
the development of similar workflows, but in the selection of these, it is recommended that
elements such as their maturity, robustness, flexibility, and documentation be considered.

5. Conclusions

In this study, we propose a new geoviewer tool for managing mangrove forests in
Cuba, named SIGMEN. The methodology of this tool is based on the combination of remote
sensing and open-source technologies such as MapStore, GeoServer, GeoNetwork, Django,
and GEE, which allow monitoring of the spatial and temporal dynamics of mangroves in
the Gran Humedal del Norte de Ciego de Ávila (GHNCA), a central province of Cuba.
The modeling study combining spectral bands and vegetation indices with a Random
Forest algorithm technique proved to be effective in accurately classifying and mapping
mangrove-covered areas, achieving an outstanding overall accuracy of 94.11%. The features
of SIGMEN facilitate the spatial and temporal visualizations and analysis of data, allowing
for the determination of possible impacts of anthropogenic and environmental factors such
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as temperature, precipitation regimes, and sea level rise on mangrove health. The novelty
of this work lies in the application of these techniques and the development of the first tool
specifically designed for mangrove monitoring in Cuba. Finally, this tool also supports the
management and conservation actions of mangrove forests. SIGMEN is currently an initial
version that will be progressively improved with the implementation of new methodologies
and expanded for its use in other regions of Cuba and the Caribbean region.
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